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Land use/cover change (LUCC) is a major threat to ecosystems. It affects the abundance and
distribution of invasive species. LUCC modeling is an important approach to understand what
happened on the landscape and what may change in the future. This doctoral dissertation aims to
predict LUCC in the Long Island Sound Watersheds and understand its effect on invasive species
by using a combination of modeling methods and GIS analyses. The research includes the
following aspects: First, the analysis of driving forces of LUCC, which is a prerequisite to
investigate and manage the effects and consequences of LUCC. Second, the interpretation of
spatial patterns of landscapes, which measures the auto and cross correlations of different
landscape categories. Third, the prediction of future LUCCs, which is essential for understanding
and highlighting what happened and might happen over landscapes. Fourth, the estimation of
potential effects of the future LUCC on the range size of an invasive species (glossy buckthorn,
Frangula alnus, as an example), which is important for conserving habitat and other natural
resources. The broader impacts of this study, including the prospective simulation, are that it may
provide sustainable and efficient decision supports to land use planners, resource managers, and
conservation practitioners for the land planning, ecological sustainability, and environmental
management, and it may also support the development of proactive strategies to overcome the
challenges caused by LUCC and migrate the economic costs associated with invasive species.
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Chapter 1 Introduction

This introductory chapter is intended to provide an overview of this doctoral dissertation. Section
1.1 provides a brief introduction of LUCC in the study region. Section 1.2 discusses the
relationship between LUCC and invasive species. In section 1.3, a brief overview of the entire
thesis work is introduced.
1.1 A Brief Introduction of Land Use/Cover Change
Land use/cover change (LUCC) is a general term for the change of land surface. Figure 1.1 shows
an example of the five dates of land use/cover data (Vogelmann et al. 2001). Land use describes
human activities taking place on land, such as growing food, cutting trees, or building cities, while
land cover is the biophysical characteristics of the land surface, such as wetland, forest or desert.
Land use change affects land cover, while changing land cover also affects land use. Land
use/cover change is one of the most important environmental issues of global concern. It is a
complex process, which is caused by natural processes, effects of climate change, and the mutual
interactions among environmental and social factors at different spatial and temporal scales
(Valbuena, Verburg and Bregt 2008). The changes of land use/cover affect the ecosystems
(Tolessa, Senbeta and Kidane 2017), biodiversity (Brink et al. 2014), climate (Muñoz‐Rojas et
al. 2015) and other environments, such as air and water quality, and long-term food supply (Sun,
Lotz and Chang 2017). Modeling of LUCC usually seeks to detect where the change occurred or
will potentially occur in the near future (Veldkamp and Lambin 2001), which has become the
fundamental information in assessing the relationships between the LUCCs and environmental and
social variables, such as population density and income level. Understanding the dynamics of these
1

changes provides information for better decision making in using and managing natural resources
and mitigating their impacts (Pijanowski et al. 2002). Predicting changes of land use/cover has
many different applications, such as better land-use planning (Mahiny and Clarke 2012),
identifying conservation priority areas and setting alternative conservation measures (Menon et al.
2001), and modeling dynamics of rangelands under different climate change scenarios (Freier,
Schneider and Finckh 2011).

Figure 1.1 An example of land-use and land-cover data at 5 dates. The data shown here is in the
Mississippi Valley Loess Plains ecoregion, located on the northeastern edge of Memphis,
Tennessee.
Land use/cover change is often modelled by various methods. These various methods include
economic models (Irwin and Geoghegan 2001), agent-based models (Villamor et al. 2014),
statistical models (Dubovyk et al. 2013), cellular automata models (Walsh et al. 2006), Markov
models (Guan et al. 2011), neural network models (Shafizadeh-Moghadam et al. 2015), or
combinations of these methods (Arsanjani et al. 2013). Reviews of LUCC models have been
2

provided by Agarwal et al. (2002), Verburg et al. (2004) and Brown et al. (2012). The wide variety
of approaches can be distinguished as spatial and non-spatial models. Spatial models are able to
explore spatial variation in LUCC at some level of spatial detail, in which LUCC is represented
by individual pixels in a raster or other spatial entities. Non-spatial models model the rate and
magnitude of LUCC without a specific focus on its spatial distribution. In this research, the spatial
modeling of LUCC was conducted as a function of a selection of socioeconomic and biophysical
variables that act as the so-called ‘driving forces’ of LUCC (Turner, Moss and Skole 1993).
Driving forces generally include socio-economic drivers, biophysical drivers and proximate
characteristics (land management variables), such as the current land use types, the distances to
roads or other facilities, types of the soil, and population density. A common structure valid for a
large number of spatial LUCC models was displayed at Figure 1.2 (Verburg et al. 2006). In the
model structure, the calculations of the magnitude of change and the location of change are based
on a set of driving factors, some only steer the magnitude of change or the location of change,
while others can influence both quantity and location of change. Then allocation rules determine
the aggregated quantity of LUCC.

3

Figure 1.2 Generalized model structure of spatially explicit LUCC models
1.2 Land Use/Cover Change and Invasive Species
Land use/cover change and invasive species can affect each other. LUCC may affect the abundance
and distribution of species. Many researches have been conducted to study how species respond
to LUCC. For example, Paul and Meyer (2001) summarized previous studies about the effects of
landscape transformations on stream ecosystems and concluded that increase in urbanized surfaces
leads to consistent decline of the richness of algal, invertebrate, and fish communities in urban
streams. For another example, Marzluff (2008) studied the relationship between bird diversity and
decrease of forest cover in Seattle. One of his findings is that extinction of native forest birds
increases linearly with loss of forest. More recently, Cousins et al. (2015) examined the effects of
LUCC from 1900 to 2013 in a region within southeastern Sweden and found that the increased
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species richness was related to the presence of grassland habitats and increased landscape
heterogeneity.
There are also evidences showing that the occurrence and abundance of alien plant species is
associated with the intensity of land-use (Chytrý et al. 2008, Pyšek et al. 2010). It is also clear that
natural ecosystems with human-induced modifications are more often invaded than large and
continuous wilderness areas (Lindenmayer and McCarthy 2001, Guirado, Pino and Roda 2006,
Leyva et al. 2006, McKinney 2006). And the spread of invasive species also tightly connects to
factors operating at the landscape level (With 2002, With 2004). Previous studies suggest 1) that
land use changes provide opportunities for particular plants to invade an area (Mosher, Silander Jr
and Latimer 2009, Matlack and Schaub 2011), 2) that the types of changes that promote one species
might inhibit others (Latimer et al. 2009, Mosher et al. 2009), and 3) that land use changes
contribute not only to invasive species establishment, but also spread (With 2002, Merow et al.
2011). To reduce the damage of invasive species on ecosystems, predicting LUCC effects is
required and has received increasing interests from the academic community. To the best of our
knowledge, comparing with the study of the effect of historical LUCC on species, and prospective
simulation of the possible effect of future LUCC on species is still limited.
1.3 Highlights and Overview of The Thesis
In this doctoral dissertation, I present my research work on modeling LUCC including driving
forces analysis, spatial pattern analysis, and LUCC effects on invasive plant simulation. In chapter
2, I combine meta-study, GIS, and machine learning, to identify the important factors of LUCC in
New England, USA. Firstly, a meta-study of the research on LUCC in the New England area was
conducted with a specific focus on the analysis of the driving forces. The meta-analysis revealed
5

that the LUCC studies in the research area were highly related with many other research topics
and population and economic factors were the most mentioned drivers of the LUCC. The drivers
of LUCC in this study area for the past several decades were relatively well analyzed. However,
the study of the main driving forces of recent LUCC is lacking. Then, the determinants of LUCC
for the recent years were quantitatively assessed by the random forests (RF) model along with
geospatial data processing. Two planning regions in Connecticut and one planning region in
Massachusetts were served as the case study. Investigated variables included environmental and
biophysical variables, location measures of infrastructure and existing land use, political variables,
and demographic and social variables. These drivers were examined for their relation to LUCC
processes. Their importance as driving forces were ranked by the RF method. The results show
both consistency and inconsistency between the meta-analysis and the RF method. This mixed
method can enhance our understanding of driving forces of LUCC and improve selection of
important drivers for modelling LUCC.
In chapter 3, a new method, transiogram, for measuring new aspects of landscape patterns and for
convenient interpretation and visualization is presented. The transiogram, as a transition
probability diagram over the lag distance, was first introduced by Li (2006) based on pioneer
studies (Schwarzacher 1969, Luo 1996, Carle and Fogg 1996, Ritzi 2000), mainly for providing
transition probability parameters to the Markov chain geostatistical approach. This chapter
explores the capability of the transiogram for measuring spatial patterns of categorical landscape
maps and compares it with existing landscape metrics, algorithms that quantify specific spatial
characteristics of landscape. Results show that transiogram can be an effective graphic metric for
characterizing the auto-correlation of single classes (through auto-transiograms) and the complex
6

interclass relationships, such as interdependency and juxtaposition, between different landscape
classes (through cross-transiograms).

In chapter 4, the LUCCs between 1996, 2001 and 2006 of the Long Island Sound Watersheds
(LISW) in the New England region are studied. This research area has experienced an increase in
developed area and a decrease of forest. The low-density development pattern plays an important
role in the loss of forest and the expansion of urban area. In addition, this chapter compares and
evaluates two integrated LUCC models - the logistic regression-Markov chain model and the
multi-layer perceptron-Markov chain (MLP-MC) model. Both models achieve high accuracy in
prediction, but the MLP-MC model is slightly better. Finally, a land use/cover map for 2026 is
predicted by using the MLP-MC model, and it indicates the continued loss of forest and increase
of developed area. Prospective modeling can provide sustainable and efficient decision support to
land planning and environmental management.
In chapter 5, I demonstrate the influence of future LUCC in the Long Island Sound Watersheds
(LISW) on invasive species and took one invasive plant, glossy buckthorn (Frangula alnus), as an
example in this study. Glossy buckthorn is an invasive perennial shrub in North America, which
affects the growth of some native plants. Despite the importance of LUCC to ecological patterns
and processes, few quantitative projections are available for use in ecological modeling. To fill in
this literature gap, this research developed a LUCC model for Long Island Sound Watersheds
(LISW) and explored the potential effect of the future LUCC on the range size of an invasive
species (glossy buckthorn, Frangula alnus). The future land use/cover map in the LISW area
within New England, USA is predicted through the multi-layer perceptron - Markov chain (MLP7

MC) model and then used as input into a species distribution model to simulate the future range
size of glossy buckthorn.
In chapter 6, I summarized this research dissertation, pointed out the limitations of this research
and also mentioned some potential directions for future studies.
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Chapter 2 Evaluation of driving forces of land use and land cover change in
New England area by a mixed method
2.1 Introduction
Land use/cover change (LUCC) is a main component of global environmental change, which
mainly is an intended or unintended outcome of human activities. LUCC has profound effects on
climate, biodiversity, soil condition, water flows, and ecosystem services at local, regional, and
global scales (Newbold et al. 2015, Biro et al. 2013, Clerici, Paracchini and Maes 2014, Rogger
et al. 2017), which in turn affect land-use decisions. A better understanding of processes, trends,
and causes and consequences of LUCC is of crucial importance to land planners, ecologists, and
others(Lambin et al. 2001, Mallinis, Koutsias and Arianoutsou 2014). Moreover, identification of
driving forces that cause the dominant LUCC is essential for establishing management strategies
and policies to mitigate or prevent negative effects of LUCC or predicting future changes using
models (Veldkamp and Lambin 2001). Identification of driving forces that cause the dominant
LULC transitions will further help managers to establish policies that mitigate or prevent
negative effects of LUCC.
The driving forces of LUCC are usually a mix of anthropogenic (such as demographic, political,
economic, technological, and cultural) and biophysical factors (such as climate, soil, and
topography) with direct or indirect impacts. The anthropogenic drivers may include well-defined
factors, such as population growth (Alexander et al. 2015), and the complex interactions as a
result of institutional or cultural influences (Campbell et al. 2005). Biophysical drivers of LUCC,
such as elevation and slope (Bajocco et al. 2016), have been primarily studied due to availability
9

of data. Comparatively, climate as one of the important drivers of LUCC is difficult to detect and
quantify in a short-term or in a local research, because of its long-term consequences and low
resolution of climate data. Although the drivers of LUCC are recognized as important, the
complex and diverse interactions among nature, economy, and social systems make them
difficult to be identified and quantified.
With development of remote sensing (RS) and geographic information system (GIS)
technologies and the reliable sources of data for assessing spatial-temporal LUCC, the research
on the driving forces based on the biophysical factors and socio-economic factors have been
improved. Previous research has often investigated the driving forces of LUCC through a form
of descriptive analysis (Patarasuk and Binford 2012, Teixeira, Teixeira and Marques 2014), or
most recently correlation or multiple regression analysis (Chen et al. 2018, Kolb, Mas and
Galicia 2013). However, these studies either may not integrate both socio-economic and
biophysical factors to examine their effect on LUCC or may not be able to identify which drivers
play important roles in LUCC. Thus, the driver forces of LUCC are still contentious issues and
further research is necessary (Beilin et al. 2014).
Given the difficulty and importance of understanding of divers of LUCC, a mixed method to
detect drivers of LUCC has been conducted in this study. This study combined meta-study, GIS,
and machine learning, to detect drivers of LUCC in the New England area. This research started
with a meta-study to obtain preliminary insight into LUCC and the drivers of LUCC in the study
area. A meta-study in land use science is a valuable tool, which can synthesize knowledge and
extract broader scale drivers of change from various publications, various individual case studies
(Van Vliet et al. 2016). Remote sensing and geospatial data, the reliable data sources for
10

understanding LUCC and determining the drivers of change, were used in this study. In addition,
this research applied the random forests (RF) method to extract importance of the drivers for this
area. The RF, a technique that based on bootstrap aggregation, can handle a large number of
explanatory variables with complex interactions and help derive importance of the predictors
(Breiman 2001).
The research area, New England, USA, has a well-documented land use history. Until around
1650, the region was almost completely covered with forest and under the non-anthropogenic
disturbances and successional dynamics(Thompson et al. 2013). Since the Europeans settled in
early 1700, more than half of the land was cleared to create croplands and pastures and
remaining forest areas were cut extensively for timber harvest for construction (Jeon, Olofsson
and Woodcock 2014). The forest clearance and agricultural expansion reached a peak, up to 60–
80% of the land was cleared, in the mid-1800s. Around the same time, farming began to decrease
and regrowth of secondary forests on abandoned agricultural land started. As quickly as the land
was cleared, much of the land reverted to forest in the early 1990s. New England has been
regarded as a primary example of forest transition, which refers to expansion of forest areas.
However, New England is facing forest lose and more complex land cover change in recent years
(Zhai et al. 2016b, Zhai et al. 2018). The recent land cover change and forest change in New
England are not completely unknown. What remain uncertain though are the driving forces of
land change during the last two decades.
The objectives of our study are to identify and characterize the most relevant factors responsible
for LUCC, especially for recent years, in the New England area through a new framework,
involving a meta-study, GIS and machine learning. The New England area is an important region
11

for land transition with a diverse landscape. This research tried to answer the following
questions: (1) How and why are land use/cover changing in the New England area based on the
previous studies? (2) What are the parameters that drive LUCC? Which ones are the most
relevant driving forces of LUCC? (3) What are the main drivers for recent LUCC in the New
England area? How is the consistency between the meta-study result and the RF method result?
(4) What are the advantages and disadvantages of the mixed method using our case study?
2.2 Methods
2.2.1 Study area
The study area, the New England region ranges from 41°50 N to 47°290 N latitude and 66°540
W to 73°450 W longitude, is located in the Northeastern United States and includes the states of
Connecticut (CT), Rhode Island (RI), Massachusetts (MA), New Hampshire (NH), Vermont
(VT), and Maine (ME) (figure 2.1a). On one hand, New England is heavily forested and New
Hampshire is the second most forested state of the United States. On the other hand, New
England includes some states with high population density, such as Rhode Island and
Massachusetts. The meta-study focused on the land use/cover change studies that the study sites
are either located in the whole New England area or contain parts of New England area, while
two planning regions in Connecticut (Northeastern and Southcentral) and one planning region in
Massachusetts (Metrowest) were selected as the case study for quantifying the determinants of
recent LUCC by the random forests approach (figure 2.1b). These three planning regions can
provide comparison between the relative rural area (Northeastern) and urban area (Southcentral)
within the same state (CT) and comparison between two relative urban area (Southcentral and
Metrowest) within the different states (CT and MA). The planning regions are the focus of the
12

RF approach because they can provide a convenient scale for examining important land
transition processes, and yet represent a feasible area for data collection and analysis, which
ensure evaluation of most available drivers.

Figure 2.1 Study area, a: New England; b: three planning regions in MA and CT.
2.2.2 Meta-study
As (Van Vliet et al. 2016) mentioned “the term meta-studies includes meta-analyses, systematic
reviews, and other secondary studies that aim to synthesize case-study findings.” The meta-study
in this research does not include rigorous statistical treatment of case studies. The robust
statistical treatment is usually not possible in land use study due to the differences of case studies
in spatial scale, time period, and design, complexity of empirical case studies, diversity in data
and methods, and different perspectives of researchers from different disciplines (Van Vliet et al.
2016). Meta-studies have been used to assess, for instance, long-term urbanization across the
globe (Seto et al. 2011), wetland conversion (Van Asselen et al. 2013), drivers of typical
deforestation (Geist and Lambin 2002), causes of desertification (Geist and Lambin 2004), and
13

tropical agriculture intensification (Keys and McConnell 2005). However, the meta-studies of
LUCC processes and driving forces are still limited.
In our meta-study, this research collected case study information on land use/cover change from
peer-reviewed articles, reports, book chapters, proceedings of conferences, and PhD theses. This
research conducted comprehensive search of Elsevier Scopus databases and Google Scholar
databases using word combinations of “land use change”, “land cover change”, “land use/cover
change”, “New England”, “Northeastern”, “Maine”, “Vermont”, “Massachusetts”, “Rhode
Island”, “Connecticut”, and “New Hampshire” in English. These studies were first examined to
ensure that the location of study site is, is part of, or contains New England area. Around 100
papers were collected. This research further restricted itself to studies that are within a suitable
time interval, at least include LUCC after 1980s. Then excluded the studies just about impact of
LUCC (e.g.(Wang and Stephenson 2018)), composition change of forest (e.g. (Thompson et al.
2013)), and methodology studies (e.g. (Zhang et al. 2000, Zhai et al.)). Totally 54 papers were
selected finally.
2.2.3 The Random Forests (RF) approach
The RF approach is one of the ensemble methods and was classified as one of machine learning
approaches at the end of the nineties (Dietterich 2000). It is a popular and efficient algorithm to
handle both classification and regression problems. It is based on bootstrap aggregation, which
can overcome the overfitting problem of the decision tree model, and can rank the explanatory
variables using the random forests score of importance (Breiman 2001). Recently, the RF
approach is receiving highlighted interest in land-cover classification using multispectral and
hyperspectral satellite sensor imagery (Chan and Paelinckx 2008, Ghimire, Rogan and Miller
14

2010), and lidar and radar data (Guo et al. 2011, Latifi, Nothdurft and Koch 2010, Martinuzzi et
al. 2009, Waske and Braun 2009). Meanwhile, its power on detecting variable importance has
also received a growing attention. For example, (Wang, Ren and Liu 2016a) applied the RF
approach to identify drivers of cropland and urban land changes in Jiangxi province, China and
confirmed its capability for assessing of the complex drivers of LUCC. Despite its popularity and
efficiency, the application of RF to the analysis of the spatial driving forces of LUCC data is
rare.
2.2.4 Driver Classification and data
Based on previous studies, proximate causes and underlying driving forces are the factors that
affect LUCC processes. Proximate causes are the actual process of LUCC, such as deforestation
or urbanization, and underlying driving forces are basic societal or environmental factors that
cause these changes, such as income or elevation variation (for more information, see (Qasim,
Hubacek and Termansen 2013, van Vliet et al. 2015, Geist and Lambin 2002). Sometimes, the
proximate causes and underlying driving forces were mixed together; therefore, generalization of
driving factors is not easy. In fact, proximate causes may represent the outcomes of human
decisions, which may be affected by the underlying driving factors. For example, (Seto et al.
2011) summarized the worldwide urban expansion studies and found the observed urban land
expansion mainly depended on the interaction with demographic and economic drivers, such as
population and GDP growth. Hence, the focus of our study is the underlying driving forces,
which has been divided into economic, demographic, political, biophysical, and location drivers
(Table 2.1).
Site-specific studies are needed in order to comprehensively assess the driving forces in New
15

England areas. Three planning regions in CT and MA are selected in this study. To insure the
best data quality, this research used different data sources. The thematically-consistent land
use/land cover (LULC) datasets of the years 1990 and 2010 for MetroWest, MA were created
using post-classification processing of the original LULC maps from the MassGIS
[https://www.mass.gov/orgs/massgis-bureau-of-geographic-information], and the thematicallyconsistent LULC datasets for Northeastern, CT and SouthCentral, CT were created using postclassification processing of the original LULC maps from the CLEAR
[https://clear.uconn.edu/index.htm] (figure 2.2). The explanatory variables used in the
importance assessment of drivers by the RF approach are listed in Table 2.2.
Table 2.1 Category, descriptions, and examples of the underlying driving forces.
Category

Descriptions

Examples

Demographic

Demographic factors that affect size and composition of

Emigration/

drivers

population and households.

immigration,
population

Economic

Economic factors that are the components of economic

drivers

developments and determinants.

Political

Diverse policies that affect land use/cover change at

Owners/planning

drivers

various government levels.

polices

Biophysical

Natural factors including topography and climatic

Elevation/slope

drivers

conditions that affect land use/cover change.

Climate

Location

Drivers that focus on location, which may include human

Distance to road

drivers

activities or immediate actions at the local level.

Distance to water

16

Incomes/ households

Figure 2.2 The land use/land cover data of the three planning regions, top: MetroWest, MA;
middle: SouthCentral, CT; bottom: Northeastern, CT.

Table 2.2 Acronyms, names, and descriptions of the driving forces used in this study.
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Acronyms

Drivers

Descriptions

DEM

Elevation

Elevation in m

SL

Slope

Slope in degrees

AS

Aspect

Aspect in degrees

ST

Soil typea

Categorical soil type data

POPE

Population density earlierb

Population density of earlier year

POPL

Population density Laterc

Population density of later year

POPC

Population density change

Changes in population density from the
earlier year to the later year

MDA

Median aged

Median age of the population at census
block level in 1990

PCI

Per capital income

Averaged income earned per person in
1990

MHI

Median house incomee

Median household income at census
block level in 1990

MHV

Median house value

Median house value at census block level
in 1990

PA

Protected area

Reserved area, no development allowed

DW

Distance to water

Euclidean distance from water

DR

Distance to roads

Euclidean distance from roads

DD

Distance to development

Euclidean distance from existed
developed area

RD

Roads

Binary roads data

RI

Rivers

Binary rivers data
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HUSE

House density earlierb

House density of the earlier year

HUSL

House density Laterc

House density of the later year

HUSC

House density change

Changes in House density from the
earlier year to the later year

a

No soil type data of MetroWest

b

The earlier year of three planning regions is 1990

c

The later year of MetroWest is 2000 and the later year of Northeastern and SouthCentral is 2010.

d

No median age data of Northeastern and SouthCentral

e

No median house income data of Northeastern and SouthCentral

2.3 Results
2.3.1 Meta-study results
The analysis was limited to LUCC reported in case study areas ranging from small towns to large
multi-state regions within or contain New England (NE) area. Following the study areas of
different cases, this research found 14 or 26% of all cases occur at the whole NE level (including
study areas slightly larger than NE , such as (Lilieholm et al. 2013) includes NE and New York
state); 16 or 30% include more than one state at NE but not the entire NE; 7 or 13% are located
in MA; 6 or 11% are located in CT; 4 or 7% are located in ME; 3 or 6% are located in RI; 3 or
5% are located in NH; and 1 or 2% are located in VT (figure 2.3). More than half of the cases
(54%) are at regional scales. 24 or 44% of all cases occur at the state level and among the six
states, MA and CT have larger numbers of cases. In order to test whether there are differences
among case locations, the information on LUCC and its underlying drivers were analyzed based
on the case study locations. Totally four location sections were grouped, the NE, the partial NE,
the south three states (CT, MA, and RI) of NE, and the rest three states of NE.
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Figure 2.3 study areas of the 54 cases
After reviewing all of the 54 papers, this research summarized the information on the land cover
types involved in each paper, the proportion of the LUCC analysis, and the magnitude of drivers
included (Table 2.3). The cases involved all land cover types tend to be equally widespread (50%
to 55%) among regional cases, except north NE. The cases analyzed all land cover types in north
NE hold a higher proportion (88%) than those of the other regional cases. The cases that only
analyzed forest land (30% of all) and other land cover types (15% of all, such as urban land and
protect area) are reported occupying nearly half of all the cases. Meanwhile, regional variations
across the cases are significant. The forest-only study is more common in the NE and partial NE
cases, while the cases with other land types just occur in partial NE and south NE, which is
reasonable, since the south NE is more developed than the north NE and the other land types are
mainly urban land and impervious landscape. Papers containing less than 50% LUCC contents
and more than 50% contents hold similarly shares except for south NE, where cases containing
more than 50% LUCC contents have a higher proportion. Papers with less than 50% LUCC
contents mainly focus on the research aspects highly related to LUCC, such as forest
composition, nonnative species, and ecosystem. In addition, not all the cases include the driving
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forces analysis, and nearly one fourth of all cases (24%) do not mention any explanatory factors
of LUCC. At the same time, the cases just including a simple analysis of driving forces of
LUCC, which contains only several sentences about one or two explanatory factors, exists
among four location sections in the range of 25% to 50%. Only 43% of all the cases involve a
relatively comprehensive driver analysis. They do not vary to a considerable degree across four
location sections.
Table 2.3 Land cover types involved, proportion of LUCC analysis, and magnitude of drivers
included in all of the 54 cases.
1)

All cases

NE

Partial NE South NE

North NE

(N = 54)

(N = 14)

(N = 16)

(N = 16)

(N = 8)

No. pct

No. pct

No. pct

No. pct

No. pct

Land cover type
All types

30

55% 7

50% 8

50% 8

50% 7

88%

Forest-only

16

30% 7

50% 5

31% 3

19% 1

12%

Other

8

15% 0

0%

19% 5

31% 0

0%

3

Proportion of the LUCC study
Less than 50%

26

48% 8

57% 7

44% 6

38% 4

50%

More than 50% 28

52% 6

43% 9

56% 10

62% 4

50%

Driver included
Comprehensive 23

43% 8

57% 6

38% 6

38% 3

38%

33% 5

36% 4

25% 5

31% 4

50%

drivers
Simple drivers
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21

No driver

13

24% 1

7%

6

37% 5

31% 1

12%

Among all the cases, this research selected the cases that include driver analysis and then
summarized these 41 cases based on the driver study methods and the occurrence of specific
underlying driving forces in these cases (Table 2.4). The driver study methods are generally
grouped into two types: the descriptive methods and the quantitative methods. The papers with
descriptive methods denote the papers studying possible driving forces of LUCC based on their
observations, reviewing related materials, or personal experiences. The papers with quantitative
methods indicate the papers quantifying the associations between LUCC (or land cover classes)
and driving factors. The cases with descriptive methods (30 or 73%) are more common, about
three times more often than the cases with quantitative methods (11 or 27%). and the cases with
descriptive methods show comparatively low location variations. The top three most common
mentioned drivers are population, economic, and topography. The population here includes all of
its similar expressions, such as population density, population growth, and population change.
The economic includes some vague words, such as economic activity and social-economic
drivers in the descriptive cases, and some distinct words, such as per capita income and median
household income in the quantitative cases. The topography mainly includes elevation and slope.
Population reportedly associates with 85% of all cases and is the most pronounced in partial NE
cases (90%). Economic reportedly contributes to slightly more than three fifths of all cases
(63%). More cases that demonstrate economic drivers leading to LUCC are reported from NE
and partial NE than the single state cases. Topography is less reported than the former two
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drivers with 39% of all cases. It appears that cases with topography-driven LUCC are the least
widespread in North NE (14%).
Table 2.4 Driver study methods and occurrence of specific underlying driving forces of 41 cases.
2)

All cases

NE

Partial NE

South NE

North NE

included drivers

(N = 13)

(N = 10)

(N = 11)

(N = 7)

No.

No.

pct

No.

pct

No.

pct

(N = 41)
No.

pct

pct

Study Methods
Descriptive

30

73%

11

85%

6

60%

8

73%

5

71%

11

27%

2

15%

4

40%

3

27%

2

29%

methods
Quantitative
methods
Specific drivers
Population

35

85%

11

85%

9

90%

9

82%

6

86%

Economic

26

63%

10

77%

8

80%

5

45%

3

43%

Topography

16

39%

5

38%

4

40%

6

55%

1

14%

2.3.2 Results of the Random Forest approach
The RF approach was employed to assess the driving forces of LUCC such as importance of
individual explanatory variables, the predictive power for capturing the changes (Figure 2.4).
The driver “Distance to developed area (DD)” was consistently ranked as the most important
explanatory variables for all of the three sample sites. Its contributions were 20.44% for
MetroWest, MA, 14.00% for SouthCentral, CT, and 23.61% for Northeastern, CT. In contrast,
the driver “Protected area (PA)” was ranked as the least important variable for the two sample
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sites in CT with the relative importance lower than 0.3% and the driver “Aspect (AS)” was
ranked as the least important variable (0.29%) for the MetroWest, MA. Obviously, the drivers of
two sites in CT have more similar importance compare with those of the site in MA. Besides
DD, distance to water (DW) and distance to roads (DR) also play an important role in explaining
the land change in the two sites of CT. The location drivers in the two sites of CT explain more
land change than social-economic drivers, such as house density change (HUSC) and population
density change (POPC). In contrast, the social-economic factors, HUSC, population density
(POPL), and POPC, show the strong relationship with land change in Metrowest, MA, with the
percentage of variance explained at 15.78%, 15.28%, and 7.41%, respectively (Figure 2.4).
Hence, the variances of driver importance among different locations do exist.
Figure 2.4 Results of the RF approach for assessing the driving forces of LUCC

The results show that the RF method may serve as an effective tool for evaluating the
relationship between land changes and explanatory variables. The RF predicted whether there
was a change of the land types for each pixel over this study period using different drivers that
could affect this change, for example, population density and distance to the road. The model
evaluation method, cross-validation, has been widely accepted to offer a robust measure of
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predictive power (Harrell Jr 2015). In order to utilize all the data, 10-fold cross-validation was
adopted here to evaluate the performance of the RF method. Using the 10-fold cross-validation
method, this research split all the data to ten folds evenly and each time this research trained the
random forest model based on the nine folds and tested the performance against the rest one fold.
This process was repeated ten times, such that every fold was served once to test the model. The
averaged evaluation metric was used as the indicator of the overall model performance. This
research calculated the prediction of land use change for three research areas, Northeastern,
Southcentral, and Metrowest, and the accuracies from the 10-fold cross-validation are 96.20%,
95.33%, and 95.10%, respectively. Hence, the random forest model, with all the available
explanatory variables, can explain over 95% of the land changes for all of the three planning
regions.
2.4 Discussion
2.4.1 Land use/cover change studies in New England area from the meta-study
Understanding land use/cover change, which is not a new topic of concern, plays an important
role to the study of global environmental change. Past works show that land use/cover change
study is closely associated with multiple other research areas, such as urbanization, vegetation
dynamics, nonnative species, and climate change in the New England area. LUCC study is not
only an important research area for its own, but also serves as the foundation for
multidisciplinary studies, or the connection between multiple research topics. For example, [1]
assessed the water quality variability for Sebago Lake, Maine, with the climatic factors and land
use change and indicated an influential role of land use change in determining water quality.
Most of the past LUCC studies in the study area are multi-disciplinary studies and nearly half of
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them (48% of all studies) have less than 50% contents that focus on LUCC analysis, which
mainly used the LUCC information from pervious LUCC studies. Even the rest studies, which
have more than 50% contents that focus on LUCC analysis, hardly have comprehensive LUCC
analysis. In addition, many studies (30% of all studies) considered only forest land. This was
determined by the characteristics of the research area that the major land class is forest.
Therefore, a comprehensive LUCC study in the research area is still in demand, which could also
provide supportive information for related multi-disciplinary studies.
To better understand LUCC, it needs an in-depth analysis of the relationship between the
changes and the causes (the driving forces). The knowledge of the relationship between the
changes and the causes may greatly improve modeling and projection of various kinds of LUCC
and prevent the possible negative influence. Analysis of the driving forces for the research area is
still limited. Nearly one fourth of the previous studies (24%) did not mention the drivers of
LUCC and one third of all the studies (33%) simply discussed the drivers with only several of
sentences. Even the remaining 43% of all the studies barely had a real comprehensive driving
forces analysis. For those studies that mentioned the drivers of LUCC, the descriptive method
(73%) was their major research technique. In the research area, an association is evident between
LUCC and population growth over the long term. The association between LUCC and economy
and topography can also be found with variations. However, the association between LUCC and
population growth is not a simple linear relationship. For example, urban sprawl and
deforestation in the past several decades directly associated with population growth, while
recently related more to the low density residential development. Yet these important
contributions from the past studies only mapped the broad relationship between LUCC and its
driving forces. Moreover, the studies that focused on LUCC and included a relatively
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comprehensive driver analysis was only 30% of all the studies.
2.4.2 Consistency and difference of the meta-study and the RF method
The RF method was chosen for evaluating the driving forces of LUCC in the research area for
several reasons. First, it has been proved to deal with complex nonlinear problems and address
different types of response variables, such as numerical data (e.g. population density) and
categorical data (e.g. soil types). Second, it can also make faithful data descriptions without
strong model assumptions. It does not require the normal distribution of data and is insensitive to
collinearity issues. Another advantage of RF is that it can be trained in parallel. Therefore, in a
large LUCC dataset, training of the RF model is usually very fast. In addition, the RF method
can gain good prediction accuracy. It explained over 95% of the LUCC for all of the three
planning regions in our case study, and it was robust against over-fitting. Finally, the results of
the RF method can be easily interpreted, especially for the feature importance. The feature
importance generated by the RF method is normalized to a value between 0 and 1 by dividing the
sum of all feature importance values. A higher value indicates a larger impact on the LUCC. The
sum of all feature importance values is equal to one. Driver importance of LUCC in the three
planning regions within the research area were evaluated and compared. In general, the RF
model results show that LUCC is the aggregated effects of anthropogenic and biophysical
drivers, which is identical to the findings from the meta-study. On the other hand, the importance
of anthropogenic and biophysical drivers in the three planning regions varies to same extent,
which was hardly detected by the meta-study. The RF feature importance reported that
socioeconomic factors including population density and house density were predominant
determinants of LUCC in the relative developed regions such as the SouthCentral and the
MetroWest, and the biophysical factors were relatively important in explaining LUCC in the
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Northeastern, CT. The consistent finding of both meta-study and the RF method is that the
location factors, such as distance to developed area and distance to road, were importance drivers
for all of the three planning regions. However, the location drivers were barely mentioned in the
previous studies. In summary, both consistency and inconsistency between the findings of metastudy and the RF method exist.
2.4.3 Model suitability and reliability
Identification of the driving forces of LUCC is a challenging task, due to complexity and
nonlinearity of LUCC, diversity of drivers at different temporal and spatial scales, and
Interactions and feedbacks among drivers. A mixed-method approach may provide more
comprehensive information. In our study, the meta-study provided an initial idea about the
research content. The strength of the meta-study lies in its capability to pool results from
individual studies for generalization of the driving forces of LUCC in the research area.
However, related LUCC studies in the New England area were rare and at the different temporal
and spatial scales. Moreover, differences in the research focus and methods could lead to bias.
However, the geospatial analysis in the meta-study may provide information about rates of
LUCC and spatial distributions of drivers, which may be combined with the RF model results to
quantify associations between LULC and driving factors. The quantitative method of the RF
model may reduce the subjectivity weakness in the meta-study. In general, quantitative methods
are often seen as more reliable than qualitative methods since objective quality criteria are
provided by quantitative methods (Amaratunga et al. 2002, Malina, Nørreklit and Selto 2011).
However, many qualitative spatial data as indirect drivers are needed for the quantitative study of
LUCC. Therefore, a mixed-method approach that combines qualitative and quantitative analysis
should benefit the research through including both of direct and indirect driving forces, which
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may increase the probability of discovering important drivers of LUCC. In addition, it may
compensate the methodological shortcoming of one method through the advantage of another
method (Brewer and Hunter 1989). Furthermore, the mixed-method approach allows comparison
of different methods about the discordance and consistency of findings. In summary, information
provided by multiple sources may be more powerful than that from the single source.
2.5 Conclusion
The study started with a meta-study to reveal the general information of LUCC in New England
and then focused on the driving forces analysis. Through combing geospatial analysis results
from the meta-study and the RF model, this mixed method provides a condensed analysis of
driving forces of LUCC from both qualitative and quantitative data in the study area. Our study
revealed that the population and economic factors are important drivers of LUCC in the research
area, with a complex nonlinear relationship. The particular value of the mixed method is that it
provides a more comprehensive identification of the drivers by compensating the findings of one
method through the advantage of another method. For instance, in our study the RF model
indicated the importance of the location factors, which barely noticed in the meta-study. Hence,
this mixed method may be meaningful for the LUCC study by enhancing understanding of the
driving forces and providing the drivers’ selection criteria for modeling the changes. Moreover, ,
better land management advice for sustainable development could be made based on more solid
information using the mix method.
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Chapter 3 The transiogram as a graphic metric for characterizing the spatial
patterns of landscapes
3.1 Introduction
Landscape metrics are important for measuring, analyzing, and interpreting spatial patterns of
landscapes. During last several decades, a number of landscape metrics were developed to describe
and quantify the composition and arrangement of landscape categories (i.e., classes). They have
been widely used in many aspects, such as biodiversity and habitat analysis, land use/land cover
change evaluation, and landscape regulation. The most extensively studied topics related with
landscape metrics are the relationships between various metrics and species richness and their
habitat preferences. For instance, Bailey et al. (2007) found that landscape pattern is important for
bee species, and thus it can be used to predict the diversity potential of bees. The evaluation of the
landscape changes, especially urban growth and fragmentation, is also a main part of the
exploitation of landscape metrics. Liu, Hu and Li (2017) suggested that landscape metrics can
provide a new method to understand the patterns and related processes of urbanization in three
dimensions. Moreover, the analysis of landscape regulation is a new and promising area in the use
of landscape metrics (Li and Mander 2009). For example, landscape metrics were used in
evaluating the influence of landscape factors on water quality (Shen et al. 2015) and the fire
resilience of forests (Lee et al. 2009). Landscape metrics address the spatial composition and
configuration of landscapes and are important tools for understanding, assessing, and monitoring
changes in landscape pattern, which affect underlying ecological processes.
Landscape metrics are widely used due to easy calculation with easily obtained land cover data,
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from maps and remotely sensed images, and ready-to-use software such as FRAGSTATS, which
needs a few or no parameterizations. There are several software packages available for calculating
a variety of landscape metrics, such as FRAGSTATS (McGarigal et al. 2002a), Patch Analyst in
ArcGIS (Rempel, Carr and Elkie 2008), and Pattern in IDRISI (Eastman 2012a). For example,
FRAGSTATS provided around 43 landscape metrics at class level. However, these landscape
metrics are all non-graphic and single-value indices, which may not be sufficient to describe the
complex spatial patterns of various landscapes. In fact, as Li et al. (2005) stated, no index can fully
describe the spatial pattern of a landscape. There are some limitations with the widely-used
landscape metrics, which include some well-known limitations and the less-recognized correlation
limitations. These well-known limitations are the sensitivity to data resolution (Wickham and
Rhtters 1995), the sensitivity to study area extent (Turner et al. 1989), and the huge influence of
data inaccuracy on the values of landscape metrics (Shao and Wu 2008). The correlation
limitations are the disconnections between landscape metrics and ecological patterns or processes.
For example, the relationships between some metrics and ecological processes may be confounded,
due to the interactions among ecological processes and other attributes of the landscape (Hargis,
Bissonette and Turner 1999), and also due to the difficulties of quantifying the unique effects of
habitat configuration on biotic responses caused by the correlation of configuration metrics and
habitat abundance (Wang and Cumming 2011). Most of these limitations can be addressed,
mitigated, or put in perspective, through careful data manipulation, result analysis and
interpretation, and combination with other methods.
However, the interpretation of landscape metrics still remains difficult (Li and Wu 2004). Since
landscape metrics have been linked to ecological patterns or processes, a primary concern is how
easily they can be interpreted by a range of non-scientists, including politicians, land managers
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and, in some cases, the public, who are responsible for conservation planning and land
management (Kupfer 2012). The evolution from solely indicator-based measures to methods that
incorporate visualization techniques is an approach to make landscape analyses more interpretable
(Kupfer 2012). Besides the requirement of improving interpretability, the need of measuring the
new aspects of landscape pattern is also an urgent task. Some efforts have been made, for instance,
the Morphological Spatial Pattern Analysis (MSPA) can describe the geometry and connectivity
of image components and further classify and map individual pixels into core, patch, connector,
perforation, and edge categories (Vogt et al. 2009, Vogt et al. 2007, Soille and Vogt 2009). MSPA
is available in the free software GuidosToolbox, which also contains some other spatial pattern
analysis tools (Vogt and Riitters 2017). Sofia, Marinello and Tarolli (2014) proposed a new metric
- the Slope Local Length of Auto-Correlation (SLLAC), which comes from the local analysis of
slope self-similarity, for specifically measuring spatial heterogeneity of terraced landscapes.
However, there is still a need for effective landscape metrics in measuring and interpreting
landscape patterns in some aspects, particularly with visualization and convenience.
The transiogram concept was first introduced by Li (2007a) based on pioneer studies in
geosciences (Schwarzacher 1969, Luo 1996, Carle and Fogg 1996, Carle and Fogg 1997, Ritzi
2000) and the variogram concept, mainly for providing transition probability parameters to the
Markov chain geostatistical approach (Li 2007b, Li et al. 2015, Yu et al. 2018). Theoretically, it is
defined as a transition probability-lag function, but visually it is a transition probability diagram
over the lag distance. The transiogram was first developed as a graphic correlation measure for
categorical data to replace the transition probability matrix (TPM) of conventional Markov chain
theory due to its capability of incorporating the complex spatial heterogeneity of categorical spatial
variables into landscape simulation. However, it also can work as an independent metric to
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measure the spatial variability of categorical spatial variables, such as soil types and land cover
classes. (Li 2007) analyzed the shape features of transiograms estimated from sample data of soil
types and showed that the transiogram is an effective method for characterizing the intra-class
auto‐correlations of individual classes (through auto-transiograms) and the complex interclass
relationships, such as interdependency, juxtaposition and directional asymmetry, between different
classes (through cross-transiograms). Our study indicates that the transiogram may work as a
graphic and composite metric to measure the spatial patterns of landscape categorical maps.
Compared with the traditional landscape metrics, transiograms represent the spatial patterns of
landscape categories through graphic diagrams, which achieved the visualization of information.
Nevertheless, the transiogram may also have some limitations on representing the spatial
variability of landscapes, which need to be complemented.
In this chapter, this research uses actual land cover data to explore the capability of the transiogram
as a landscape metric through comparing it with other popularly-used landscape metrics. This
research firstly calculated the transiograms (both auto-transiograms and cross-transiograms) and
sixteen commonly-used landscape metrics from the datasets of four corresponding study areas,
and then this research interpreted the results of transiograms and compared them with the values
of those commonly-used landscape metrics. Through the comparison, this research aims to explore
the following questions: 1) What are the characteristics of the landscape transiograms and their
relationships with traditional landscape metrics? 2) Do transiograms provide unique information
compared with other landscape metrics? 3) What are the limitations of transiograms as a landscape
metric? And finally, 4) can the transiogram work as an effective metric for measuring landscape
characteristics?
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3.2 Materials and Methods
3.2.1 Data
This research used actual land cover data to calculate the landscape metrics and transiograms. In
order to test the general performance of transiograms, this research randomly selected several
pieces of a post-processed Connecticut land use/cover map for 2010. Six land use/cover types were
considered for landscapes: developed land, crop/grass land, forest land, waterbody, wetland, and
barren land. Four small land use/cover maps (clipped pieces) that contain all the considered patch
types were finally used for this study (Figure 3.1). These maps have a 30m × 30m pixel resolution
and totally 240 × 200 pixels. The small example areas were used for linking the computed results,
both transiograms and landscape metrics, with the visual interpretation of example images by
human eyes, such as the class proportions and aggregation levels of different classes. Large images
are too complex to interpret by human eyes. In addition, because the transiograms are estimated
globally, using large images that contain different local patterns (i.e., different patterns in different
subareas) may conceal the local features of landscape patterns that can be reflected on transiograms
and visually interpreted. The main patch types (i.e., land use/cover classes) are forest land and
developed land, due to the characteristics of the Connecticut land cover/use situation - Connecticut
is the fourth most densely populated state in United States and around 50% of its surface is covered
by forest. The minor class, barren land, was ignored in the analysis due to its low proportion (less
than 3% for all four maps) and the unreliability of related metric values caused by data
insufficiency (see Supplement IV for more information).
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Figure 3.1 The land use/cover maps of the selected study areas.
3.2.2 Methods
3.2.2.1 Transiograms

A transiogram is a diagram formed by the values of the transition probabilities of one categorical
field from one state (i.e., landscape class here) to itself or another state with increasing lag values
from zero to a further distance. Theoretically, it is expressed as a transition probability-lag function:
𝑝𝑖𝑗 (𝐡) = Pr[𝑧(𝒙 + 𝐡) = 𝑗|𝑧(𝒙) = 𝑖]
where 𝑝𝑖𝑗 (h) is the transition probability function of the categorical random variable Z from state
i at location x to state j at location x+h over the lag distance h (Li 2007a). Its value ranges from 0
to 1. The lag h can be a distance with an exact unit (e.g., feet or meters) or the number of spatial
steps (i.e., the number of pixels or grid cells), which can be directional. Under the second-order
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spatial stationary assumption, the function is only dependent on the lag h, rather than on any
specific location x; therefore, transiograms can be estimated from sample data pairs in a space.
𝑝𝑖𝑖 (𝐡) is an auto-transiogram, representing the self-dependence of class i, and 𝑝𝑖𝑗 (𝐡)(𝑖 ≠ 𝑗) is a
cross-transiogram, describing the cross-dependence of class j on class i, with i defined as tail class
and j defined as head class. Cross transition probabilities are asymmetric, which means 𝑝𝑖𝑗 ≠ 𝑝𝑗𝑖
for 𝑖 ≠ 𝑗 ; but if transiograms are estimated omni-directionally or bi-directionally, we have
𝑝𝑖𝑗 × 𝑝𝑖 = 𝑝𝑗𝑖 × 𝑝𝑗 . Transiograms have the following basic properties: (1) they are non-negative;
(2) at any specific lag, values of transiograms with the same tail class sum to 1; (3) for mutually
exclusive classes, transiograms should not have nuggets, that is, we have 𝑝𝑖𝑖 (0) = 1 for autotransiograms and 𝑝𝑖𝑗 (0) = 0 for cross-transiograms of exclusive classes.
Normally, transiograms have two main parameters: sill and correlation range. Usually, a
transiogram gradually approaches a stable value with increasing lag distance. The stable or
approximately stable value is called sill. This means that auto-transiograms start from the origin
point (0, 1.0) with a transition probability value of 1.0 and gradually decrease to their sills, while
cross-transiograms start from the origin point (0, 0) and gradually increase to their sills. Sometimes,
a cross-transiogram may have a peak or a series of peaks and troughs before gradually reaching
their sills, which reflects the neighboring or alternate occurrence characteristics of the two
involved classes. Theoretically, the value of the sill of a transiogram is equal to the proportion of
the corresponding head class in the data used for estimating the transiogram (or in the study area
if the data are representative of the study area). However, for a small research area, there may be
some deviation between transiogram sills and corresponding class proportions due to the boundary
effect and the fact that some transiograms may end before reaching their sills at longer lag distances
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(Li 2007a). Because boundary cells have fewer transitions relative to internal cells, the boundary
effect means a class may have statistically biased smaller transition probabilities if it has a higher
proportion to occur at boundaries of a research area. This effect is not apparent for relatively large
research areas. The lag distance where the sill is stably approached is called correlation range. For
auto-transiograms, it is the distance of self-dependence of the corresponding class, and for crosstransiograms, it is the distance of the interdependence of the two classes.
The transiograms directly estimated from real data are called real-data transiograms, including
exhaustive transiograms and experimental transiograms, which reflect the spatial variation
characteristics of the real data. Exhaustive transiograms refer to those transiograms directly
estimated from maps or images where data are exhaustive. Experimental transiograms refer to
those directly estimated from sparsely sampled data. Free software, TGRAM, for experimental
transiogram estimation and modelling was described in Yu et al. (2018). More interestingly,
transiograms also can be directly calculated from a one-step TPM estimated from real data or
expert knowledge (when no real data is available) (Schwarzacher 1969, Luo 1996, Li 2007a).
Because this kind of transiograms are based on the first-order stationary Markovian assumption
and have very smooth curves, they are called idealized transiograms (Li 2007a, Li et al. 2012).
Idealized transiograms can capture the basic correlation characteristics of classes, and if available,
their properties are significant in interpreting and modeling experimental transiograms. Therefore,
even though they are not an exact reflection of real data or phenomena and are oversimple to some
extent, understanding idealized transiograms is still necessary. In this chapter, both idealized
transiograms and experimental transiograms for the selected study areas are calculated.
The estimator for real data transiograms is given as
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ˆ ik (h) =
p

Fik (h)



n
j =1

Fij (h)

,

where Fik (h) represents the frequency of transitions from class i to class k among data pairs with
the spatial lag h, and n is the total number of classes in a categorical spatial data set. When
estimating the transition frequencies from sample data for experimental transiograms, the lag h
considered is actually a lag interval [h-∆h/2, h+∆h/2] around h, due to the sparseness of sample
data pairs (Li 2007a). Here the ∆h is called lag tolerance width. That is, all data pairs within the
lag interval are counted as the data pairs at lag h. However, such a lag tolerance width also can be
used to exhaustive transiogram estimation from exhaustive data to smooth the estimated
transiogram curves.
For estimating experimental transiograms from sample data sets of landscape classes, one needs
to first convert the sample data file into a required format accepted by the software (e.g., Shapefile
format is used in the TGRAM software). Inexperienced users may need several trials to find a
suitable tolerance width so that the estimated experimental transiograms are relatively stable in
their shape features. Another parameter is the maximum lag, which may be set to be equal to or
smaller than the diagonal length of the study area if the study area is small. This parameter is not
a concern when the sample data set is not very large. But when the sample data set is large, a very
large maximum lag may increase the computation time a lot, while it is unnecessary to obtain
experimental transiograms with long lags much longer than correlation ranges. Under this situation,
one may set the maximum lag to the desired distance or the distance of the perceived longest
correlation range. It should be noted that when the study area is too small or the sample data is too
sparse, experimental transiograms may quickly go down or be out of order after or even before
reaching their correlation ranges due to the lack of data pairs at longer lags. Experimental
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transiograms of extremely minor classes often tend to strongly fluctuate due to the lack of data
pairs at many lags.
3.2.2.2 Landscape Metrics

Landscape metrics can be grouped into patch, class, and landscape levels. Some metrics are
inherently redundant if they are representing the same information. More information about the
interdependency of landscape metrics can be seen in Riitters et al. (1995). Users can choose among
them based on the preference and different applications. This research considered the commonlyused metrics in class-level after eliminating those that were inherently redundant (McGarigal
2002). In this chapter, I calculated sixteen conventional class-level metrics for each landscape
using the computer program FRAGSTATS 3.2 (McGarigal, Ene and Holmes 2002b) (Table 3.1).
The calculated results are all provided in Supplement I. These sixteen class-level metrics can be
loosely grouped into five groups: area and edge metrics, shape metrics, contrast metrics,
aggregation metrics, and subdivision metrics, according to the aspects of landscape patterns that
they describe. In brief, area and edge metrics are the metrics that measure the size of patches and
the amount of edge created by these patches. Shape metrics describe the geometric complexity
and/or compactness of patch shapes. Contrast metrics deal with the magnitude of difference along
patch edges between adjacent patch types. Aggregation metrics represent the aggregation level of
patch types. Subdivision metrics are closely allied to the aggregation metrics and refer to the degree
of subdivision of the classes.
Table 3.1 The acronyms and names of the selected 16 class-level metrics.
Group

Acronym

Name

PLAND

Proportion of landscape
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Area and

LPI

Largest patch index

Edge

ED

Edge density

Metrics

AREA_AM

Area-weighted mean patch area

Shape

SHAPE_A

Area-weighted mean shape index

Metrics

M
FRAC_AM

Area-weighted mean fractal
dimension

Contrast

CWED

Contrast weighted edge density

Metrics

TECI

Total edge contrast index

CLUMPY

Clumpiness index

PLADJ

Proportion of like adjacencies

IJI

Interspersion/juxtaposition index

Aggregation

COHESION

Patch cohesion

Metrics

AI

Aggregation index

nLSI

Normalized landscape shape index

Subdivision

PD

Patch density

Metrics

SPLIT

Splitting index

3.2.2.3 Transiogram Estimation

Idealized transiograms in this chapter were calculated from one-step TPMs estimated from
exhausted data of the four land cover maps. For example, the one-step TPM P(1) of study area A
is:
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𝑝11 (0.883)
𝑝21 (0.067)
𝑝 (0.013)
𝑃(1) = 31
𝑝41 (0.013)
𝑝51 (0.015)
[𝑝61 (0.065)

𝑝12 (0.032)
𝑝22 (0.845)
𝑝32 (0.006)
𝑝42 (0.003)
𝑝52 (0.007)
𝑝62 (0.067)

𝑝13 (0.075)
𝑝23 (0.080)
𝑝33 (0.976)
𝑝43 (0.009)
𝑝53 (0.096)
𝑝63 (0.087)

𝑝14 (0.005)
𝑝24 (0.003)
𝑝34 (0.001)
𝑝44 (0.973)
𝑝54 (0.007)
𝑝64 (0.017)

𝑝15 (0.003)
𝑝25 (0.003)
𝑝35 (0.003)
𝑝45 (0.003)
𝑝55 (0.871)
𝑝65 (0.018)

𝑝16 (0.002)
𝑝26 (0.004)
𝑝36 (0.001)
𝑝46 (0.001)
𝑝56 (0.003)
𝑝66 (0.745)]

where each entry of P(1) represents a transition probability of one class (for self-transition) or a
pair of class (for cross-transition) over one fixed spatial step (one pixel length, that is, 30m at here)
in study area A. Under the first-order stationary Markovian assumption, the n-step TPM 𝑷(𝑛) can
be calculated from the one-step TPM 𝑷(1) through self-multiplication, that is, we have
𝑷(𝑛) = 𝑷(1) × [𝑷(1)]𝑛−1 = [𝑷(1)]𝑛 .
As n increases, the calculated multi-step transition probabilities form a series of continuous
diagrams (Schwarzacher 1969, Luo 1996, Li 2007a), which are the idealized transiograms of study
area A.
Experimental transiograms in this chapter are omni-directional and calculated based on randomly
selected sample data (2,000 sample pixels, about 4% of the total pixels) from each of the four land
cover maps. A tolerance width of 4 pixel lengths is used to make the transiograms stable in their
shapes. The class proportions of each area and samples for the four study areas are provided in
Table 3.2. Experimental transiograms are usually more feasible than exhaustive transiograms. First,
although sample data account for only a small portion of the whole study area, they still represent
the major spatial variability information and the approximate class proportions if not extremely
sparse, while leaving sufficient space for possible class boundary uncertainty (i.e., avoiding taking
crispy patch boundaries into account in transiogram estimation). Second, the land cover data may
not be highly accurate and, in some cases, the exhaustive data is not available. Hence, experimental
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transiograms are more flexible and even may reduce the effect of noise. Third, for a relatively large
study area with a large number of pixels, calculating experimental transiograms from sample data
can save the computation time, while exhaustive transiograms are actually similar to experimental
transiograms as long as the sample data set is representative. All experimental transiograms
estimated from the sample data sets of the four land cover maps are provided in Supplement II. In
addition, although not examined here, all exhaustive transiograms of the four land cover maps are
provided in Supplement III for comparison.
Table 3.2 Land cover/use class proportions in the four study areas (240 × 200 pixels for each map)
and corresponding sample data sets (2000 pixels for each sample data set)
Study

Data
Developed

Crop/grass Forest

Waterbody

Wetland

Barren

Whole area 12.92

6.04

72.72

5.86

2.12

0.34

Samples

13.16

6.23

72.55

5.52

2.24

0.30

Whole area 31.86

6.90

41.24

13.77

4.09

2.14

Samples

6.64

42.12

12.96

4.34

2.27

Whole area 25.45

12.87

42.17

17.20

1.69

0.62

Samples

25.90

13.97

41.18

17.11

1.44

0.40

Whole area 21.01

20.77

45.57

5.35

6.06

1.24

Samples

20.54

45.23

5.81

5.93

1.31

area
A

B

C

D

Class proportions (%)

31.67

21.18

3.3 Results
3.3.1 Transiograms
3.3.1.1 Auto-transiograms

Idealized transiograms for the four areas were calculated using corresponding one-step TPMs. The
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idealized auto-transiograms of the four areas are shown in Figure 3.2 (A, B, C, and D). The x-axis
of these transiograms is lag distance, of which the unit is pixel length (30m in this study), and the
y-axis is transition probability. They all start from point (0, 1.0) and smoothly decrease to stable
values with increasing h. These idealized auto-transiograms are approximately exponential in their
curve shapes. Idealized transiograms have stable sills and clear correlation ranges. The
experimental auto-transiograms of the four areas are shown in Figure 3.2 (a, b, c, and d). Compared
with idealized auto-transiograms, the sills and correlation ranges of experimental autotransiograms are blurred. These experimental auto-transiograms are not smooth curves and some
of them have some fluctuations (small peaks and troughs). The sill and auto-correlation range data
of these auto-transiograms are provided in Table 3.3. The sill and auto-correlation range values
(especially the range values) of the experimental transiograms were just approximately identified.
Although the eventual sills of most experimental transiograms do not deviate too much from the
sills of corresponding idealized transiograms, their correlation ranges are obviously different.
Their shapes show that they are not simply exponential, and the real data, especially the data of
some classes (e.g., class 1, class 3 and class 4 in Figure 3.2a and 3.2b), have very different (much
longer or shorter) auto-correlation ranges or have multiple ranges.
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Figure 3.2 Idealized auto-transiograms (left column) and experimental auto-transiograms (right
column) (1 - developed land, 2 - crop/grass land, 3 - forest, 4 – waterbody, 5 - wetland). A and a –
for Area A. B and b – for Area B. C and c – for Area C. D and d – for Area D.
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Table 3.3 The sills and correlation ranges of idealized and experimental auto-transiograms for the
four cases as shown in Figure 3.2.
Area

Idealized

Experimental

Auto-transiogram

Auto-transiogram

Class
Range
Sill

Range
Sill

(pixels)

A

B

C

(pixels)

Developed

0.127

32

0.133

45

Crop/grass

0.069

22

0.059

20

Forest

0.707

40

0.668

85

Waterbody

0.079

80

0.016

60

Wetland

0.020

16

0.021

23

Developed

0.309

35

0.343

75

Crop/grass

0.066

24

0.066

40

Forest

0.456

40

0.336

85

Waterbody

0.109

58

0.099

90

Wetland

0.042

24

0.043

35

Developed

0.269

35

0.236

80

Crop/grass

0.154

25

0.145

35

Forest

0.395

25

0.415

30

Waterbody

0.169

70

0.173

90

Wetland

0.013

16

0.019

35

Developed

0.222

20

0.227

35

Crop/grass

0.214

20

0.216

30

45

D

Forest

0.439

25

0.417

35

Waterbody

0.064

30

0.061

35

Wetland

0.050

26

0.045

40

3.3.1.2 Cross-transiograms

Figure 3.3 shows some of the idealized cross-transiograms and corresponding experimental crosstransiograms of the four cases (for more experimental transiograms, see Supplement II), and their
sill and correlation range values are provided in Table 3.4. Idealized cross-transiograms are all
smooth curves and most of them can be modeled perfectly by exponential functions, although
some of them are not monotonically increasing, with a peak (or maximum value) occurring before
reaching their sill values. Experimental cross-transiograms tend to have quite complex shapes.
While some experimental cross-transiograms approximately follow the shapes of their
corresponding idealized ones (e.g., Figure 3.3a), some others may deviate a lot, especially in the
low lag section (assuming the maximum lag is sufficiently long and all experimental transiograms
may reach a stable situation).
Cross-transiograms have different shapes, based on which we may loosely group them into three
types. The first type, which is also the most common type, is the typical-shape cross-transiograms,
whose shapes are normally approximately exponential (e.g., the idealized and experimental crosstransiograms p(3,2) from area A in Figure 3.3a), starting from point (0, 0) and gradually increase
to a stable value (i.e., sill) with increasing h. The second type is those peaked-shape crosstransiograms, which first increase and reach a peak value at a comparatively shorter distance and
then gradually decrease to their sills (note that some experimental cross-transiograms may first
have a relatively higher peak and then go through a series of peaks and troughs to decrease to their
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sills). This kind of cross-transiograms reflect the juxtaposition or neighboring characteristics of
two classes (Li et al. 2012). For instance, the idealized cross-transiogram p(2,1) in Figure 3.3a is
an example of such kind of cross-transiograms, which means that the two classes (crop/grass land
and developed land) frequently occur as close neighbors in area A. The experimental crosstransiogram p(2,1) in Figure 3.3a actually has a similar shape, but with some extra complexity –
the first peak is followed by a series of irregular fluctuations. The third type is those crosstransiograms of class pairs that are infrequent neighbors or non-neighbors. In this case, the crosstransiogram between a pair of classes normally has a low-value section first and then gradually
approach to its sill. This shape style is uncommon but does exist. It occurs on some experimental
cross-transiograms sometimes, but the corresponding idealized cross-transiograms tend to have a
Gaussian model shape. The experimental cross-transiogram p(4,2) from area C in Figure 3.3(d) is
an example of this kind of cross-transiograms. Here the p(4,2) (for waterbody and cross/grass land)
is relatively flat with low values within the lag value of 10 pixels and then gradually increase to
the sill. It tells that these two classes are infrequent neighbors, even though it is not so obvious
because the low-value section is too short. Checking the map C in Figure 3.1, we can find that
waterbodies basically do not border on the crop/grass land class in the map. However, compared
with the typical-shape cross-transiograms, the cross-transiograms of infrequent-neighbor classes
have much lower values in the low-lag section (see p(4,2) in Figure 3.3c and 3.3d).
Transition probabilities are typically asymmetric, which means the transition probabilities from
class i to class j are different from the transition probabilities from class j to class i at the same
distance (e.g., Figure 3.3b). For example, the idealized cross-transiograms between forest and
waterbody in area B, are different - the p(3,4) is 0.07 while the p(4,3) is 0.34 at the lag of 10 pixels.
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This also holds for experimental cross-transiograms. But unless transition probabilities are
estimated uni-directly, the difference is only on the magnitude of transition probability values (i.e.,
curve height) rather than on transiogram shapes. All the transiograms with the same head class
should reach to the same sill, which is the proportion of the head class (e.g., Figure 3.3c and 3.3d).
This is more obvious for the idealized transiograms, as shown in Figure 3.3c, in which all the
idealized cross-transiograms approach to the exact same value. However, there are some
uncertainties on experimental cross-transiograms. For example, the experimental crosstransiograms in Figure 3.3d only approximately approach the proportion value of the head class
but do not reach the exact same value. Even though the cross-transiograms with the same head
class reach the same sill, their shape characteristics do reflect the distinct interactions between the
head class and other classes before they reach the same sill. They have different correlation ranges
and different curve shapes. For example, p(1,2) in Figure 3.3c has a peaked shape (i.e., has a peak
at the low lag section) with a correlation range of 30 pixels, while p(5,2) in Figure 3.3c has a typical
shape with a correlation range of 18 pixels.
From Figure 3.3, this research finds that the idealized and experimental cross-transiogram pair
between two classes have some differences. First, most of the idealized and experimental crosstransiogram pairs have different correlation ranges and usually the correlation ranges of idealized
cross-transiograms are smaller. For instance, the correlation range of the idealized crosstransiogram p(4,3) of area B is 30 pixels and the corresponding experimental cross-transiogram has
a correlation range of around 70 pixels (Figure 3.3b). Second, an idealized and experimental crosstransiogram pair may reveal different relationships between the two classes. For example, the
idealized cross-transiogram p(5,2) in area C has a typical shape (Figure 3.3c), while the
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corresponded experimental cross-transiogram has a peaked shape, showing a juxtaposition
relationship of these two classes (Figure 3.3d). These are reasonable, because the idealized
transiograms were calculated from a one-step TPM based on the first-order stationary Markovian
assumption, which cannot capture the non-Markovian effect of spatial data and the features of
measured multiple-step (or longer-lag) transition probabilities (Li 2007a). If we check the land
use/cover map of area C. It can be seen that wetland patches (class 5) are very close to crop/grass
patches (class 2) but only part of the former touch the latter. This explains the short-distance
adjacency relationship of wetland and crop/grass land. The idealized cross-transiogram does not
catch this characteristic because immediate adjacency happens only for part of wetland patches.
Third, even if the idealized and experimental cross-transiogram pair reveal the same relationship,
there are still some differences between them. For example, both the idealized cross-transiogram
and the experimental cross-transiogram from crop/grass land to developed land (i.e., p(2,1) in
Figure 3.3a) reveal the interclass adjacency situation between the two classes; however, the
experimental cross-transiogram has a series of peaks and gradually decreases through undulation
after the first peak, while the idealized one has only one peak in the short lag section around the 8
pixels lag value. On the other hand, sometimes the difference between idealized cross-transiogram
and corresponding experimental cross-transiogram could be small. The idealized and
corresponding experimental cross-transiograms in Figure 3.3e and 3.3f have similar sills and
ranges. And they comply with the rule that the values of transiograms with the same tail class sum
up to 1 at any specific lag.
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Figure 3.3 Examples of idealized cross-transiograms and experimental cross-transiograms (1 developed land, 2 - crop/grass land, 3 - forest, 4 – waterbody, 5 - wetland). a – for Area A. b – for
Area B. c and d – for Area C. e and f – for Area D, including a whole subset of transiograms with
the same tail class.
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Table 3.4 The sills and correlation ranges of corresponding idealized and experimental crosstransiograms, as shown in Figure 3.3.
Cross-

Experimental
Idealized

Area

transiogram

Cross-transiogram
Cross-transiogram

symbol
Range
Sill

Range (pixels)

Sill
(pixels)

A

B

C

D

p(2,1)

0.127

22

0.150

40

p(3,2)

0.069

18

0.067

20

p(3,4)

0.109

26

0.147

80

p(4,3)

0.456

30

0.424

70

p(1,2)

0.153

30

0.121

60

p(3,2)

0.153

24

0.129

20

p(4,2)

0.153

60

0.131

90

p(5,2)

0.153

18

0.121

70

p(1,1)

0.222

20

0.231

40

p(1,2)

0.214

18

0.225

30

p(1,3)

0.438

15

0.435

30

p(1,4)

0.064

18

0.055

25

p(1,5)

0.051

15

0.050

25
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3.3.2 Comparison with Landscape Metrics
3.3.2.1 Relation with landscape metrics by sills and auto-correlation ranges

The selected sixteen conventional landscape metrics (Table 3.1) represent different aspects of
landscape variability, and their values for the four study areas and five different patch types (i.e.,
classes) can be seen from Supplement I. In order to explore the physical meanings of the two
features of auto-transiograms (i.e., sill and correlation range), this research calculates their
spearman’s correlation coefficients with the 16 landscape metrics (Table 3.5). It is clear that sill
has a very strong positive correlation with PLAND (landscape proportion). Since the sill of a
reliable auto-transiogram approximately reflects the proportion of the corresponding class, that is,
it should be approximately equal to the PLAND value of the class, and this result is normal. The
sill also has significant correlation with the LPI, which is reasonable for small study areas because
one class with a higher proportion probably has a lager LPI. ED is the total length of edge of one
patch type divided by its total area and CWED is the sum of the lengths of contrast-weighted edge
segments divided by the total landscape area. Therefore, sill also has significant positive
correlation with ED and CWED.
Another important finding is that autocorrelation range has significant positive correlation with
some aggregation index including CLUMPY, PLADJ, COHESION and AI. This means that
autocorrelation range can reflect the aggregation level of different classes. Since class patch size
has positive influence on the value of autocorrelation range, the autocorrelation range actually
represents a patch-size-weighted aggregation level of a class. Among these metrics, AREA_am
and SPLIT have significant correlation with both of sill and autocorrelation range. The larger
AREA_am implies the possibly higher sill and larger autocorrelation range, especially for the small
research area. SPLIT is a subdivision index. A higher SPLIT value means that the class is
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subdivided into more or smaller patches. Hence its correlations with sill and autocorrelation range
are strongly negative. Both sill and autocorrelation range have no correlation with shape metrics
(SHAPE_AM and FRAC_AM) and contrast metrics (TECI). Hence, transigorams cannot reveal
the geometric complexity and the magnitude of difference between adjacent patch types by their
two basic feature values.

Table 3.5 Spearman’s correlation coefficients between the two feature values of auto-transiograms
and landscape metrics.
Landscape metric

Idealized auto-transiogram

Experimental autotransiogram

Sill

Range

Sill

Range

PLAND

.971**

-

.968**

-

LPI

.786**

-

.743**

-

ED

.750**

-

.820**

-

AREA_am

.687**

.705**

.612**

.711**

SHAPE_AM

-

-

-

-

FRAC_AM

-

-

-

-

CWED

.823**

-

.883**

-

TECI

-

-

-

-

CLUMPY

-

.722**

-

.596**

PLADJ

-

.813**

-

.659**

IJI

-

-

-

-

COHESION

-

.672**

-

.662**

AI

-

.806**

-

.639**
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nLSI

-

-

-

-

PD

-

-

-

-

SPLIT

-.844**

-.641**

-.776**

-.649**

**means that correlation is significant at the 0.01 level; - means that correlation is
not statistically significant.

3.3.2.2 Reflection of interclass relationships on cross-transiograms

At the class level, the landscape metrics measure the landscape characteristics of the target class,
and reveal the relationships of the target class with all other classes as a whole. Unlike landscape
metrics, cross-transiogram can reveal the interclass relationship between two classes. Thus, one
can use a cross-transiogram alone (by regarding all other classes as one class) or several crosstransiograms together to explore the interclass relationships of a class with other classes.
For example, a cross-transiogram can indicate whether there is a juxtaposition (or neighboring)
relationship between a pair of classes. Figure 3.4 shows some examples of idealized crosstransiograms of neighboring classes in the four areas. We can find that all of these crosstransiograms have a high peak at a short lag distance and gradually decrease to their sills. The
relative peak height over the sill in each cross-transiogram is different, but the peak height ratios
(i.e., ratios between peak relative height (PRH), peak height (PH), and sill) of the paired crosstransiograms between two classes are the same if the transiograms are estimated omnidirectionally or bi-directionally (Table 3.6), because they represent the same juxtaposition
relationship. However, for different pairs of classes, their cross-transiogram peak height ratios are
different. The peak height ratios reflects the magnitude of neighboring or juxtaposition strength
between two classes. The larger the ratios of PRH/Sill and PRH/PH, or the smaller the ratio of
Sill/PH, the stronger the juxtaposition tendency of the class pair.
54

Figure 3.4 The idealized cross-transiograms of neighboring classes in the four areas (1 - developed
land, 2 - crop/grass land, 4 - waterbody, 5 - wetland).

Table 3.6 The peak height ratios of idealized cross-transiograms of neighboring classes in the four
areas (1 - developed land, 2 - crop/grass land, 4 - waterbody, 5 - wetland).
Study area
Transiogram

A
p(1,2)

B
p(2,1)

p(1,2)

C
p(2,1)

p(1,2)

D
p(2,1)

p(4,5)

p(5,4)

Peak height (PH)

0.118

0.218

0.085

0.398

0.191

0.336

0.061

0.077

Sill

0.069

0.127

0.066

0.309

0.154

0.269

0.051

0.064

0.049

0.091

0.019

0.089

0.038

0.067

0.010

0.013

PRH/Sill

0.71

0.72

0.29

0.29

0.25

0.25

0.20

0.20

PRH/PH

0.42

0.42

0.22

0.22

0.20

0.20

0.16

0.17

Sill/PH

0.58

0.58

0.78

0.78

0.81

0.80

0.84

0.83

Peak relative height
(PRH)*

*PRH = PH – sill.

Among the landscape metrics, CLUMPY and PLADJ measure the adjacencies of a specific class,
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COHESION measures the physical connectedness of a specific class, and IJI measures the
interspersion or intermixing of a class, with all other classes. It is difficult to use the values of these
metrics to interpret the interclass relationships of any two specific classes. Taking the developed
land class and the waterbody class in the study area B as an example, the IJI values of them are
79.32 and 79.78 (see Supplement I), which are approximately equal. Since a higher IJI value
indicates a greater interspersion of the corresponding class among other classes, one can conclude
on the basis of the IJI values that there is no difference between the two land cover classes in terms
of their interspersion or intermixing among other classes in the study area B. However, much more
interclass information can be obtained through related transiograms (Figure 3.5). The crosstransiograms involving them show that they have different interactions with other classes. For
example, the cross-transiogram p(1,2) between developed land and crop/grass land shows a
neighboring characteristic with a correlation range of 7 pixels, but the cross-transiogram p(4,2)
between waterbody and crop/grass land shows a typical ordinary correlation with a correlation
range of 20 pixels.

Figure 3.5 The experimental cross-transiograms of developed land (left) and waterbody (right) in
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the study area B.(1 - developed land, 2 - crop/grass land, 3 - forest, 4 - waterbody, 5 - wetland)

3.4 Discussions
The sixteen metrics considered in this chapter are commonly used metrics in many studies. For
instance, Frank et al. (2013) applied SHAPE and PD to the assessment of landscape aesthetics and
concluded that they are able to assess and monitor landscape diversity and naturalness. Fan and
Myint (2014) selected four metrics (PLAND, LPI, PD and AI) to measure the urban landscape
fragmentation of Phoenix. These four metrics were also incorporated into an urban growth
potential model to simulate the urban growth processes of Jinan City, China (Kong et al. 2012).
Midha and Mathur (2010) chose the PD, ED, and IJI to assess the fragmentation of two constituent
protected areas and compare the magnitude between them. Li et al. (2015) analyzed the
relationships between landscape metrics (PLAND, PD, LPI, ED, SHAPE, COHESION) and water
quality in coastal China and found these metrics are important for illustrating the degradation of
water quality. Lee et al. (2009) found that the spatial heterogeneity of forests (both of composition
and configuration) has a strong impact on burn severity and they used landscape metrics, including
LPI, PD, and AI, to represent landscape structure. In general, previous studies on the use of
landscape metrics have demonstrated the important values of landscape metrics in landscape
ecology, which raise the hope that transiograms and their features may also have potentials in
landscape ecological analysis.
The transiograms represent the transition probabilities of land cover/use classes over different lag
distances. They are graphic composite measures, which can represent the information of multiple
aspects of variability of landscape classes. Different from real-data transiograms derived from
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spare sample data (experimental transiograms) or exhaustive data (exhaustive transiograms),
idealized transiograms can be simply derived from a one-step TPM. Idealized transiograms can
capture basic spatial variation features of classes (e.g., auto-correlation ranges, cross-correlation
ranges,

juxtaposition

tendencies), but

miss

more-complex

characteristics of spatial

autocorrelations and interclass relationships, such as multiple peaks, troughs, or multiple ranges,
that are exhibited on real-data transiograms. The real-data transiograms are able to capture
complex features of spatial relationships of classes, but sometimes it is difficult to extract accurate
information from them due to their over-complexity. Although idealized transiograms are
comparatively simple, they are useful in interpreting real-data transiograms. Therefore, even
though it is preferable to use experimental transiograms in most cases, the idealized transiograms
are still important and probably more useful to some users, especially inexperienced users, in
landscape pattern interpretation due to their simplicity in curve shape and unambiguity in range,
sill and peak height values.
This research considers the transiogram as a new graphic landscape metric for measuring and
visualizing spatial variability of landscape classes. Compared with traditional landscape metrics,
transiograms are visual measures of the complex spatial intra-class and interclass relationships,
which make them, to some extent, easier to interpret about their implications. The most significant
merit of transiograms is that cross transiograms measure interclass relationships. However, there
are some weaknesses in transiograms that should not be ignored. Although experimental
transiograms estimated from sample points can eliminate the noise of misclassification to some
extent, they may not accurately reflect the real class proportions if sample data deviate from the
truth in class proportions, and their shapes sometimes may be too complex to explain accurately
in detail. Idealized transiograms depend on one-step TPMs, which may not be available or may
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contain some effect of noise if they are estimated from exhaustive data that contain much noise
(note that traditional landscape metrics should also have this problem if estimated from data with
much noise, such as classified remote sensing images without post-processing).
If used for spatial description of different species, the features of transiograms might relate to the
dynamic activities of different species (e.g., home range size, perception range, dispersal abilities).
For example, the autocorrelation range of a land use/cover type might link with the home range of
a species if the species tend to move within patches of the land use/cover type. The crosscorrelation range and neighboring strength of two land use/cover types might link with the
dispersal ability of a species. In addition, transiograms may be used to describe the spatial patterns
of various landscape categories that are formed naturally or divided by humans, including
ecological function zones and plant species.
Landscape metrics, including transiograms, address the spatial variability of landscapes and may
play an important role in exploratory and descriptive landscape analysis. Landscape pattern is
linked to critical ecological processes, such as biodiversity and other ecological values of the
landscapes. The measurement of landscape pattern is necessary for understanding the functioning
of landscapes and is a prerequisite to the study of pattern–process relationships. The simplicity and
quick calculation of landscape metrics ensure that they can meet the demand of understanding
rapid environmental changes. As a part of geospatial data analysis, landscape metrics provide
background information and scenario testing of environmental policies to policymakers and
resources mangers. Therefore, even though landscape metrics and transiograms have some
limitations, it is worthwhile to make effort to apply them in real world studies, such as land cover
spatial and temporal changes.
Although in this chapter I used only small images as study areas, the transiogram can be applied
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to large maps. Computation time depends on the size of data (number of pixels used) and the
computer program (e.g., given the same data set, using different computer languages and different
programming strategies may result in different computation time), but it is generally not a big
concern in practice due to the following reasons: (1) Experimental transiograms are estimated from
sample data, of which the size is usually not very large (usually hundreds to thousands of sample
data), so they can be computed quickly. (2) Idealized transiograms are calculated from a TPM,
which can be estimated from map data much more easily, and the further calculation step from the
TPM to idealized transiograms needs almost no time. (3) The estimation of exhaustive
transiograms from a large classified image or map is indeed time-consuming or impractical if they
are estimated omni-directionally, because it needs to count numerous pixel pairs in all directions
with many different lags (i.e., separate distances of data pairs). However, the use of exhaustive
transiograms is not much necessary, because their curve shapes are very similar to the experimental
transiograms estimated from a representative randomly-selected sample data set as a small portion
of the pixels of the same image/map, thus providing little extra valuable information (see
Supplement II and Supplement III). Transiograms have been used in some real case studies with
very large data sets. For example, Zhang et al. (2017, 2018) used the Markov chain geostatistical
approach for post-processing pre-classified Landsat images to detect the urban horizontal and
vertical growth in megacities in East Asia, in which full Landsat images and experimental
transiograms estimated from sample data sets for the large areas were used.
This chapter is still preliminary with limitations, which may be explored in future studies. First,
the analysis of the landscape metrics and transiograms in this study has no link with any specific
applications. Second, not all landscape metrics are included; therefore, comparisons between
existing landscape metrics and transiograms may not be sufficiently comprehensive. Third, this
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research examined only one scale of observations without considering multiple grains and extents.
Fourth, due to the complexity of spatial variability, our results and conclusions are, to some extent,
limited to the situations this research examined. Hence, further study may still be needed for a
comprehensive understanding of transiograms as a new, graphic landscape metric.
3.5 Conclusions
This study provides some further understanding of the class-level landscape metrics, transiograms,
and the relationships between them. It shows that the transiogram may serve as a new, graphic
landscape metric with some unique features. Landscape researchers may gain some insight into
the ability of transiograms for measuring some new aspects of landscape patterns. The differences
between idealized transiograms and experimental transiograms are also analyzed. They can be
used separately or together according to actual needs as they have their own advantages and
weaknesses. A peak height ratio concept based on idealized transiograms is also presented for
quantitatively representing the juxtaposition strength of neighboring landscape class pairs.
While auto-transiograms can provide information on the proportions of landscape classes and their
individual aggregation levels, cross-transiograms can provide information on the proportions of
landscape classes, interclass adjacency types, and interclass correlation ranges. The peak height
ratios of idealized cross-transiograms can be good indices to reflect the neighboring or
juxtaposition strength of neighboring class pairs. Therefore, transiograms, as a new graphic
landscape metric, represent some different aspects of landscape variability. Comparison shows that
transiogram sills are correlated with some conventional landscape metrics (PLAND, LPI,
AREA_am, ED, CWED, and SPLIT), and transiogram auto-correlation ranges are also correlated
with some conventional landscape metrics (CLUMPY, PLADJ, COHESION, AI, AREA_am, and
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SPLIT). However, transiograms have some characteristics different from conventional landscape
metrics: (1) As diagrams, transiograms provide visual information, making them to some extent
more interpretable intuitively; for example, class proportions, auto/cross-correlation ranges, and
neighboring relationships can be intuitively interpreted from transiograms. (2) Cross-transiograms
are able to capture complex interclass relationships, which include interdependency and
juxtaposition (i.e., neighboring) relationships between classes. (3) Transiograms can be estimated
from real data or calculated from a TPM, and these transiograms estimated using different ways
may be used together. While idealized transiograms clearly reveal the basic dependency features
of landscape classes that are implied in one-step transition probabilities, experimental transiograms
reveal more complex dependency features of landscape classes that are contained in sample data
in different spatial lag distances.
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Chapter 4 Prediction of Land Use Change in Long Island Sound Watersheds
Using Nighttime Light Data
4.1 Introduction
The Long Island Sound (LIS) is one of the nationally most important estuaries and one of the
world’s most productive and utilized water bodies. The water quality of the Sound is highly
affected by the conditions of its watersheds. A scientific understanding of its watersheds is critical
to making effective water policy and management. What has been built on the watersheds and
what people have done on the land can have significant influences on LIS and its tributaries.
Understanding how land use/cover has changed in its watersheds is critical for effectively
managing the coastal water quality.
For the watersheds, land transition is the most significant factor influencing water quality and
runoff [1]. The Long Island Sound Watersheds (LISW) cover more than 16,000 square miles and
include portions of six states (New York, Connecticut, Rhode Island, Massachusetts, New
Hampshire, and Vermont) and the Province of Quebec in Canada [2]. The area is inhabited by 32
million people and includes areas with development levels from the most urbanized to extremely
rural (even dedicated wilderness) in North America. It represents a socio-ecological system, the
dynamics of which have been affected strongly by changes in land use/cover [3]. The land use
activities of the millions of people who live within the LISW have a tremendous impact on the
natural habitats of many species and the water bodies of LIS. Recognizing the importance of
LISW, a policy [4] of improving management of the watersheds has been adopted in this region.
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The policy includes reducing impervious surfaces and restoring and protecting vegetation along
streams and lakes, which are strongly connected to land use/cover in the watersheds.
Information on historical and potential future watershed land cover is vitally important in
watershed management. Many studies have shown that land use/cover change (LUCC) in LISW
has highly affected the watersheds by impacting the metabolism and productivity of LIS [5] and
increased the scarcity and contamination of water resources [6-8]. In addition to its direct
influences on water bodies, LUCC also affects climate change [9], habitat loss [10, 11], the spread
of invasive species [12], and biota [13] via numerous and complex pathways in the watersheds.
In fact, the land use/cover of this region has gone through tremendous changes over the past
four centuries. There were forest clearance and agricultural expansion in the seventeenth century,
which reached a peak from 1820 to 1880 [14], and up to 90% forests were cleared for farming by
the mid-1800s [15]. Reforestation on abandoned fields began in 1850 and increased progressively
through the early twentieth century, and much of the land reverted back to mixed hardwood forest
[14]. The reforestation has significant implications for the environment and society, for example,
the terrestrial carbon storage [16].
However, due to increased forest cutting and the trends of urbanization, additional
reforestation and net-positive forest change have been diminished in recent years. Studies show
that decreasing forest cover in many locales is related to the expansion of residential and other
development [17, 18]. Another important reason is the low-density development in rural areas,
Brown et al. [19] analyzed the rural land-use trends in the United States within the period from
1950 to 2000 and found that the new pattern of developed land was the increasing attractiveness
of nonmetropolitan areas and the decreasing density of settlement. Based on their calculation, by
2000, the area of higher density urbanized development was only 6.7% of the low-density
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development area. A similar pattern was found in this research area; many rural and forested lands
in the region have changed to houses and industrial development in the last fifty years [20-22].
Although the general picture of LUCCs historically is well known and the vulnerability of
remaining natural areas to the LUCCs has been assessed, the study of recent trends of LUCC in
this region, especially after 2000, is lacking, and what will happen to the landscape of this region
under the low-density development pattern is understudied. The land-use pattern and forest loss
have impacts on biodiversity and ecosystem health, and forest change, especially, has significant
impacts on carbon sequestration. Therefore, the prediction of future land change is an important
part of potential management and policy options. Efforts toward the management of the extent,
location, rate, and intensity of human-caused deforestation have become more important in landmanagement strategies [23]. In this chapter, this research predicts the future LUCCs in this region
under the trend from 1996 to 2006 in order to provide useful information on the potential rates and
causes of land change, especially the transitions between development and forest.
Based on existing knowledge and data, prediction of future LUCCs in the region remains
difficult and there are uncertainties because LUCCs are not simple processes [24, 25]. Where
changes will potentially occur may be predicted by using LUCC models [26], which provide
predictions through analyzing the factors that may contribute to the changes [27]. In fact, modeling
land use/cover changes is a rapidly growing scientific field. Significant progress has been made in
developing LUCC models, and there are many different ones in the literature. Recent reviews of
the various LUCC models are provided by [28] and [29]. In this study, this research uses two
integrated models - the logistic regression-Markov chain (LR-MC) model (a combination of
logistic regression and Markov chains) and the multi-layer perceptron-Markov chain (MLP-MC)
model (a combination of multi-layer perceptron and Markov chains), both of which are available
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in IDRISI Selva [30], to predict the future LUCC in this region. IDRISI Selva is developed by
Clark Labs at Clark University, which is a combination of geographic information system and
remote sensing software. The prediction ability of these two models has been demonstrated in
many studies [31-34]. In order to refine the prediction this research first compare these two models,
and then use the better one (MLP-MC model) for prediction.
The driving forces of LUCC can help us understand the causes of change and they are also a
very important part of the prediction. Some relatively comprehensive reviews of common factors
involved in modeling LUCC can be found in [35] and [36]. Three categories of drivers are used in
this study. They are biophysical drivers, socio-economic drivers, and proximity characteristics, for
example, elevation data, income per capita, and distance to roads, respectively. Those drivers have
been used and verified by many studies [37, 38]. Moreover, this research adds nighttime light
(NTL) data, which is a good indicator of the economic and urban development, as an economic
driver. The NTL data can be achieved from the Defense Meteorological Satellite
Program/Operational Linescan System (DMSP-OLS) or the Visible Infrared Imaging Radiometer
Suite (VIIRS) instrument [39]. The NTL data of 2006 from the DMSP-OLS nighttime lights time
series dataset is used for this study. The files from this dataset are the combinations of all the
available cloud-free and smooth resolution data from DMSP-OLS for calendar years, which are
available from 1992 to 2013. However, the data need to be processed among different years before
being used due to the absence of on-board calibration in OLS. To reduce discrepancies, the process,
intercalibration, is necessary [40]. In this chapter, only one year NTL data has been used, so the
intercalibraton was ignored. It has been used in many studies, for example, mapping urbanization
dynamics [41], estimating GDP (Gross Domestic Product) growth [42, 43], estimating in-use steel
stocks in civil engineering and buildings [44], and monitoring economic development from space
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[45]. Although NTL data has been used in many urban growth and economic activity studies, based
on our knowledge, its usage in predicting future LUCC is underdeveloped.
Although information of LUCCs in LISW is important for sustainable development of LIS
and a number of studies provide information on historical LUCCs in LISW, it remains uncertain
how the land use/cover will change in this region in the future. The main goal of this study is to
gain a sufficient understanding of the future LUCC in LISW. To achieve this goal, this research
(1) identified the major drivers of LUCC in this area and used NTL as a prediction driver, (2)
compared the abilities of the LR-MC model and the MLP-MC model for predicting LUCC in
LISW, and (3) predicted the LUCCs of 2006. This research intends to gain insights into the
following questions: (1) What are the most relevant drivers of land use change in LISW? (2) How
are the patterns of land use in LISW changing today? (3) What change do we expect in the next
10 years?
4.2 Materials and Methods
4.2.1 Study Area
The study area encompasses over 1500 square miles, 93% of the whole Long Island Sound
Watersheds (LISW), which includes diverse landscapes in Connecticut, Massachusetts, New
Hampshire, Rhode Island, and Vermont (Figure 4.1). Within the study area, hundreds of local
watersheds drain into streams and rivers, which eventually flow into the Sound. The basin of the
Connecticut River is the major component of LISW. It begins in Canada and empties into the LIS.
To understand the nutrient dynamics, water quality, and habitats of the Sound, it is necessary to
understand the LUCC in LISW. The study area is heavily forested and more than 70% of its surface
is covered by forest. The major land-cover types in the watersheds include forest,
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residential/commercial land, wetland and open land. This region was nearly completely covered
by forest before the 17th century and most of the land was cleared for farmlands during the 18th
century and the early 19th century [46]. After the widespread farm abandonment, this landscape
reached its apex of reforestation. Recently, this area is under the rapid suburbanization and it is
facing a second phase of deforestation caused by urban expansion and land use intensification.

Figure 4.1 Location of the study area.
4.2.2 Data
A thematically-consistent land use/cover dataset for the years 1996, 2001, and 2006 was
created using post-classification processing of the original land-use/cover maps, which were
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downloaded from the Coastal Change Analysis Program and the National Land Cover Dataset.
The created maps have a 60m × 60m pixel resolution. Seven land cover/use types were considered:
low-density development, medium-density development, high-density development, forest land,
scrub/shrub land, crop/grass land, and other land. Forest land includes deciduous, evergreen, and
mixed forests; and other land includes wetland and waterbody. Low-density development is the
areas where impervious surfaces account for 20% to 49% percent of total cover. Medium-density
development is the areas where impervious surfaces account for 50% to 79% of the total cover.
Low-density/medium-density developments are the areas with a mixture of constructed materials
and vegetation. High-density development is the areas where impervious surfaces account for 80%
to 100% of the total cover and people reside or work in high numbers.
Driving forces are generally divided into three groups [47]: socio-economic drivers,
biophysical drivers, and proximity causes (land management variables). The land use change
drivers with their data sources utilized in this study are listed in Table 4.1. They are 1) biophysical
drivers: elevation, slope, aspect, and soil type; 2) socio-economic drivers: nighttime lights (NTL),
per capita income, population density, and housing density; 3) proximity causes: distance to road,
distance to water, distance to city, and distance to developed area. These driving forces have been
used in many studies [48]. Elevation is important in this landscape because it is prone to flooding.
Slope and aspect are vital to land developers who want to minimize landscaping costs. Combining
a range of socio-economic drivers is also important for better prediction of LUCC. Recently, with
an increase of population, this region is under the processes of urbanization and suburbanization.
Since LUCCs such as deforestation are most commonly linked to population growth and income,
socio-economic drivers including per capita income, population density, and housing density are
used in this study to model the LUCC. The NTL data is also used in this study because it is a good
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indicator of economic activity [49]. Newly developed areas are often close to the commercial areas,
big cities, and roads. Therefore, proximity characteristics (e.g. distance to road and distance to
city) are also used as important drivers in this study. Although land-use policies play an important
role in driving land-use changes, they are not considered in this study due to the difficulty of
quantifying them. Other important drivers may include climate variables; however, climate data
are not used in this study because of their low resolutions and poor performance at the scale of
analysis used here. Other factors such as housing price are important, but those data are not
available for 1996, 2001, and 2006.
Figure 4.2 contains the maps of the input explanatory drivers. It can be seen that the soil types
do not have much spatial variation in the research area. High NTL values, high per capita income,
high population density, and high housing density occur along the coastal areas. NTL intensity,
population density, and housing density also have comparatively high values along the Connecticut
River. Please note that there are no data for population density and housing density near the United
States-Canadian border.
Table 4.1 Explanatory drivers and their data sources.
Processed data
Biophysical

Data sources

Elevation

USGS National Elevation Dataset

drivers

(NED)
Slope

Calculated from USGS Elevation data

Aspect

Calculated from USGS Elevation data

Soil type

National Historical Geographic
Information System (NHGIS)

70

Socio-

Nighttime light intensity

National Centers for Environmental

economic
drivers

Information (NCEI)
Per capita income (gridded)

National Historical Geographic
Information System (NHGIS)

Population density (gridded)

National Historical Geographic
Information System (NHGIS)

Housing density (gridded)

National Historical Geographic
Information System (NHGIS)

Proximity

Roads (primary and

causes

secondary)

US Census Bureau TIGER files

Distance to road

US Census Bureau TIGER files

Distance to water

U.S. Geological Survey (USGS)

Distance to major city

U.S. Geological Survey (USGS)

Distance to developed area

U.S. Geological Survey (USGS)
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Figure 4.2 Maps of the input explanatory drivers.
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4.2.3 LUCC Prediction
4.2.3.1 LR-MC Model

The LR-MC model is an integrated model, which combines a logistic regression model and a
temporal one-dimensional Markov chain model to predict LUCC. Due to its spatial explicitness
and explanatory power, logistic regression has been a very effective model for land use change
analyses [50]. However, it lacks the capability of describing the temporal dynamics of LUCC and
quantifying the change, thus it is integrated with the Markov chain model to overcome these
limitations. In the integrated LR-MC model, the logistic regression is first used to investigate the
main driving forces determining land use change and generate the probability surface of future
land change. Then based on the resulting probability surface of future land change, the Markov
chain model is used to estimate the quantity of land use change.
Logistic regression analysis is one of the most frequently used methods for predicting LUCC.
It is a method to discover the nonlinear relationship between the dependent variable and
independent variables. In this study the dependent variable is land use/cover classes and the
independent variables are the driver forces of LUCC, which include biophysical drivers, socioeconomic drivers, and proximity causes drivers. Here the logistic regression yields mathematical
formulas to quantify the relationships between different land classes and their drivers. Based on a
set of scores on the independent variables, the probability of a land-use/cover class change that
occurs on any piece of land can be estimated by the logistic regression analysis. For instance, the
probability of change of a specific land class i, based on a set of variables, can be calculated with
the following formula:
exp(𝐵 +∑ 𝐵𝑋)

0
𝑃(𝑦 = 𝑖|𝑋) = 1+exp(𝐵

0 +∑ 𝐵𝑋)
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(1)

where P is the probability of the occurrence of land class i at a grid cell; X represents the set of
independent variables with X = (𝑥1 , 𝑥2 , . . .,𝑥𝑘 ); 𝐵0 is an intercept of the model; B represents the
estimated parameters with B = (𝑏1 , 𝑏2 , . . .,𝑏𝑘 ).
As aforementioned, the logistic regression model suffers from s limitations in change
quantification and temporal analysis [38]. In order to quantify land use change and produce
temporal outputs from the logistic regression model, the Markov chain model has to be integrated
with logistic regression. The key input parameter of the Markov chain model is the transition
probability matrix, which describes the probabilities associated with various land use/cover state
changes. The future land use/land cover 𝐿𝑡+1 can be predicted using the transition probability
matrix P and historical land use/land cover𝐿𝑡 by𝐿𝑡+1 =𝑃 × 𝐿𝑡 .
4.2.3.2 MLP-MC Model

The MLP-MC model is an integrated model which combines the multi-layer perceptron
(MLP) and the temporal one-dimensional Markov chain model to predict the LUCC. In the MLPMC hybrid approach, the MLP is used to establish functional relationships between the LUCC
driving forces. The products of MLP are probability surfaces of each transition, like the transition
from low-density development to medium-density development or the transition from forest to
low-density development. The probability surfaces are grid pixels with the same resolution as the
land cover maps of 2006 (60m × 60m). Each pixel has a value range from 0 to 1 to show the
possibility of the transition may occur in the pixel. Then the Markov chain model is used to project
the likely total quantity of change and a competitive land allocation to extrapolate land cover into
the future.
MLP is one of the most widely used feed-forward artificial neural networks. It has become
widely used due to its ability to learn and sort patterns by trial and error. It can model non-linear
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complex land-use/cover patterns by taking nonlinear complex relationships among the driving
forces and LUCC into account. The MLP process contains three layers in a unidirectional process:
input, hidden, and output [51]. Each layer consists of nodes in a directed graph and fully connects
to the next layer. Except for the input nodes, each node is a neuron (or a processing element) with
a nonlinear activation function. The network of the MLP is trained by a supervised learning
technique called the backpropagation algorithm, which involves spreading the errors from the
output layers to the input layers iteratively in order to correct the values of the weights. The MLP
calculates weights for input values, input layer nodes, hidden layer nodes, and output layer nodes
using a feed forward manner, which propagates input through the hidden layers and the output
layers. The signals transmit from node to node and are modified by weights associated with each
connection. The receiving node sums the weighted inputs from all of the nodes connected to it
from the previous layer.
Compared to logistic regression, multi-layer perceptron has two important benefits for LUCC
analyses: One is that the input variables do not need to be independent of each other; the other is
that it can model several or all the land use/cover transitions at the same time [52]. The MLP-MC
hybrid approach can model the spatial and temporal change of land-use/cover by taking the
advantages of both the MLP model and the Markov chain model.
4.3 Results and Analyses
4.3.1 LUCC Driving Forces
In order to select the driving-force variables, this research computed Cramer’s V coefficients,
which can indicate the degree to which each explanatory variable is associated with the distribution
of land cover classes. A driving-force variable is selected provided that it contributes significantly
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to the explanation of the spatial distribution of the land cover classes of interest. Cramer’s V
coefficients were computed using the Land Change Modeler software, which was provided by
IDRISI Selva [30]. Cramer’s V [53] is the most commonly used statistic among the chi-squarebased measures of strength of the association between one nominal variable and either another
nominal variable or an ordinal variable. The values of Cramer’s V range from 0 to 1. A high
Cramer’s V indicates that the potential explanatory value of the variable is good, but it does not
guarantee a strong performance since it cannot account for the mathematical requirements of the
modeling approach used and the complexity of the relationship. However, if the Cramer’s V is
low, it is a good indication that the explanatory variable should be discarded. Variables with a
Cramer’s V of about 0.15 or higher are useful while those with values of 0.4 or higher are good
[54].
Table 4.2 lists the computed Cramer’s V coefficients for the 1996-2001 period. From the overall
Cramer’s V values in the table, it can be seen that the strongest explanatory variable is the distance
to developed area. It has a high association with medium-density development and forest. So it is
reasonable for a new developed area to occur usually near the original developed area, thus causing
deforestation. The weakest explanatory variables are soil type and per capita income, which have
overall values lower than 0.10. Soil type shows limited association with the land cover distribution,
because it has little variation over most parts of the study area. The limited association of per capita
income with the land cover classes may be caused by the relatively even income in the research
area. This does not mean that land cover classes have lower association with economic drivers,
because NTL, housing density, and population density show high association with the land cover
distribution.
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Table 4.2 Cramer’s V coefficients over the 1996-2001 period – indicating the quantitative
association levels of the explanatory variables (drivers) and the studied land use/cover distribution.
Low-

Medium-

High-

density

density

density

Forest Crop

Scrub Other Overall

/Grass /Shrub

developme developmen developm
nt

t

ent

Elevation

0.2072

0.2171

0.1778

0.3990 0.1964 0.0276 0.1552 0.1900

Slope

0.1112

0.1305

0.0952

0.3582 0.1739 0.0387 0.3567 0.1923

Aspect

0.0168

0.0260
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0.0758
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4.3.2 Model Comparison and Validation
Land cover/use maps obtained through LR-MC model and MLP-MC model for 2006 are
presented in Figure 4.3, along with the actual 2006 land cover/use map. The two predicted maps
forecast the land-cover/use distribution in 2006, based on change parameters between 1996 and
2001. There is a high similarity between projected maps and the actual map. These two models
both have good performance. However, there is lower accuracy at the upper edge, which is near
the border of the United States and Canada, and the major incorrect predictions happened between
forest and scrub/shrub, probably due to the lack of data in this area and the low association between
drivers and the scrub/shrub class. In addition, the MLP-MC model has a better performance at the
upper edge.
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Figure 4.3 (a) Projected 2006 land cover/use map by LR-MC model, (b) actual 2006 land cover/use
map, and (c) Projected 2006 land cover/use map by MLP-MC model.

The land-cover/use map generated by the LR-MC model has a total overall accuracy of 98.88%
and a Kappa index of 0.993. The land cover/use map generated by the MLP-MC model has a total
overall accuracy of 99.04% and a Kappa index of 0.994. Both methods achieved a very high
accuracy in LUCC prediction, while the MLP-MC model performed slightly better than the LRMC model did. The high percentage of unchanged land area is the main reason for the high
accuracy.
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4.3.3 LUCC Analysis
Table 4.3 shows the quantities of each land-cover/use class in different years and their changes in
terms of hectares and percentage. The major land-cover/use class in LISW is forest land,
accounting for over 73% of the whole area. There is an increase in developed area, scrub/shrub
land and crop/grass land, and a decrease in forest land over the two five-year periods of 1996–
2001 and 2001-2006. Approximately 7,569 ha of forest was lost within the period 1996–2001,
while almost twice that area, 12,831 ha of forest, was lost within the next five-year period, so it
appears that there is an increasing trend of losing forest. At the same time, low-density
development area had an increase of 247 ha during 1996–2001 and its increase was 22 ha during
2001-2006. The medium-density development and the high-density development had a higher area
increase during 2001-2006 than during the period 1996–2001. The comparatively high increase of
low-density development in the former period may have been caused by population growth and
lower land prices in rural areas. Some of the low-density development area was changed to
medium-density or high-density development area in the latter period, which may have been
caused by the development of amenities and more houses.
Figure 4.4 shows the contributions of land-cover/use classes to net changes of developed areas at
different densities. Within these two periods, forest had the highest contributions to the increases
of all density levels of development areas, except for the high-density development during 19962001 when medium-density development had the highest contribution. A remarkable difference
between these two periods is that the total contribution of forest to development areas is 359 ha
(sum of 194 ha, 114 ha, and 51 ha) in the former period and it increased to 1602 ha (sum of 235
ha, 886 ha, and 481 ha) in the latter period. The loss of forest caused by development is increasing.
Another difference is that there is no transition from low-density development to medium/high80

density development in the former period, but the transitions are obvious in the latter period.
Consequently, although the net change of low-density development is only a little (22 ha) (Table
4.3) during the latter period, the change from forest to low-density development is high in this
period, even higher than that in the former period. This means that the spatial distribution of lowdensity development might not change, and the development of amenities and new houses changed
much low-density development area to medium/high-density development area in the latter period.

Table 4.3 Quantities of land cover/use changes over time in terms of hectare and percentage of
each class.
Class

Low-density

1996

2001

2006

ha

%

ha

%

ha

%

85229

2.13%

85476

2.14%

85497

2.14%

development
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96-01

01-06

247

22

Medium-density

308424

7.72%

308426

7.72%

309159

7.74%

3

733

22734

0.57%

22953

0.57%

24118

0.60%

219

1165

development
High-density
development
Forest

2974558 74.43% 2966988 74.24% 2954157 73.92% -7569

-12831

Scrub/shrub land

71335

1.79%

5201

4705

Crop/grass land

403105

10.09% 404577

10.12% 410134

10.26% 1471

5557

Other

130906

3.28%

3.29%

3.30%

649

76536

131335

1.92%

82

81241

131985

2.03%

429

Figure 4.4 Contributions of land cover/use classes to net changes of developed areas at different
density levels (the blue color represents the contributions to net change from 1996 to 2001 and the
orange color represents the contributions to net change from 2001 to 2006).

Land-cover/use projections for 2026 were carried out by applying the MLP-MC model to analyze
possible future LUCCs (Figure 4.5). The projection is based on the change trends from 1996 to
2001 and from 2001 to 2006, and the combined transition probability matrices from these two
periods. Great similarity between the predicted map and the actual 2006 land cover/use map
created from remotely sensed imagery are observed. Urban expansion happens along the coastal
area and Connecticut River, where there are high population densities and high NTL values.
Predicted results (Table 4.4) indicate that 50422 ha of forest will be lost from 2006 to 2026. The
increase of high-density development is 5444 ha, which is almost 4 times the increase from 1996
to 2006. The medium-density development contributes the most to this transition, and it is
predicted to have a 377 ha loss. The increase of low-density development is also remarkable,
almost 5 times the increase from 1996 to 2006. These change trends are visible when comparing
the changes around major cities between the actual 2006 land cover/use map and the predicted
2026 land cover/use map. For example, the transitions around New Haven are very large; much of
medium-density development changes to high-density development, and some forest cover at the
urban edge converts to low-density development (e.g. at the top-left corner of Figure 4.5 (b)).

Table 4.4 Quantities of the predicted 2026 land cover/use classes in terms of hectare and
percentage of each class.
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Class

Projected 2026 data

Change from 2006

(ha)

%

86929

2.18%

1432

Medium-density development 308783

7.73%

-377

High-density development

29562

0.74%

5444

Forest

2903735

72.66%

-50422

Scrub/shrub

99232

2.48%

17991

Crop/grass

432899

10.83%

22765

Other

135152

3.38%

3167

Low-density development

to 2026 (ha)

Figure 4.5 (a) 2006 land cover/use map, (b) Transitions around New Haven, CT, and (c) Projected
2026 land cover/use map by MLP-MC model.
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4.4 Discussions
Nighttime light (NTL) data has a high association with land cover/use distribution, which indicates
that it can be used in LUCC prediction. High NTL values occur along the coastal area and the
Connecticut River. This should be similar to other economic drivers. Even there are several
shortcomings in NTL, including coarse spatial resolution, limited dynamic range and lack of inflight calibration [39]. However, compared with other socio-economic drivers, NTL data has some
obvious advantages. First, it is easier to access (it is open to everyone and can be downloaded for
free). Second, it has global coverage and is not restricted to specific areas. Third, NTL data from
the new source (VIIRS) is available almost every day, except for in some situations influenced by
clouds or moonlight. Therefore, it can be used as a supplement to economic drivers, or used as the
proxy of economic drivers when they are not available in some regions or in a specified year.
The expansion of development is a major cause of declining forest cover in many locales [18, 55].
The same situation exists in LISW, where low-density development within a commuting distance
to metropolitan areas causes the fragmentation of forest. The development of amenities and new
houses in low-density development areas pushes the urban edge even farther. Moreover, vegetable
production and diary production may be pushed further from the expanding urban edge,
consequently causing more loss of forest cover. Although surplus dairy production has led to the
abandonment of pasture and the natural conversion to forest [56], the conversion was quite slow.
Due to the slower growth rate of the forest in the study area, most mechanically disturbed lands
cannot directly convert back to forest land. They usually transitioned to shrub land or grass land
in some time intervals. Therefore, compared with the loss of forest cover, the reforestation area is
quite small. The decrease of forest in this region eventually cause a loss in carbon storage and
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sequestration potential. And the land cover change has a direct impact on the Long Island Sound
ecosystem. In the watersheds, the rain, which can carry pollutants from impervious surfaces, flow
into the Sound. The increase of development area leads to more polluted runoff. Polluted runoff
can cause low levels of oxygen and high counts of pathogens that lead to the close of beaches and
the loss of biodiversity [2]. Landscapes create a broad range of valuable ecosystem services, which
should not be ignored while making land-use decisions.
Both integrated models (i.e. LR-MC and MLP-MC) achieved a high accuracy in LUCC prediction,
but this does not mean that they are perfect for such modeling. In the study area, the number of
changed grid cells is much smaller than that of unchanged grid cells, leading to a high accuracy in
prediction. Logistic regression has a good performance in modeling the relationships between the
drivers and LUCCs. However, quantifying all the potential interactions among the different drivers
of LUCC in a logistic regression model is difficult, because of (1) the lack of understanding of all
of those factors, (2) the lack of sufficient information, and (3) the restrictions of the functional
form of the logistic regression model. Such drawbacks may be overcome by combining it with a
Markov chain model. However, the quantification power of a Markov chain model will gradually
decline as the projected date moves forward [57]. For example, the projected land cover/use map
for 2026 cannot achieve as high an accuracy as the projected land cover/use map for 2006 does.
The advantage of MLP is that it is a system capable of modeling complex relationships among
variables. Nevertheless, MLP has a “black-box” process - it defines the relationships between
drivers and land cover/use change in the hidden layer(s), which makes the integration of expert
knowledge difficult. Due to the use of the neural networks, MLP is difficult to modify the
relationship between explanatory variables and change potential when developing alternative
scenarios. This is the limitation of MLP. Models that can incorporate dynamic changes (e.g.
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different Markov matrices), heterogeneous and nonlinear relationships between LUCC and the
underlying drivers, and expert knowledge, would allow obtaining an ensemble of land-change
scenarios. Assessments of the performances of different models in predicting potential LUCC are
important because inappropriate models may lead to erroneous or inaccurate land conservation and
zoning policies.
There are two main limitations of this study that may be improved in future analyses. The first one
is that all of the drivers are static, that is, their dynamic changes are not considered. LUCC are
complex processes, which are shaped by dynamic and nonlinear interactions of various change
drivers. While the relationship between LUCC and some explanatory variables, such as elevation,
soil and slope, may be relatively stable over time, the relationship between LUCC and other
variables such population density, income, and distance to road may show temporal dynamics. The
second one is that it did not incorporate the effect of public policies and other potentially important
qualitative variables such as cultural values, individual behaviors, and socio-demographic survey
data, which are not available. Agent-based land use modelling may be a better approach to
effectively incorporate human behavior-related driving forces in LUCC prediction.
4.5 Conclusions
Mapping land-use/cover change (LUCC) in the Long Island Sound Watersheds (LISW) is
important for effective management of the Sound, because land use/cover in the Sound’s
watersheds has a close relationship with its water quality and the LUCC in the Sound’s watersheds
may degrade the quality of water flowing through them. However, few studies to date have been
undertaken to analyze and predict LUCC in this area. In addition, assessing different approaches
for modeling LUCC in this area is also important for understanding the processes that determine
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the changes. Two integrated models, the LR-MC model and the MLP-MC model, were compared
for modeling the LUCC in the LISW in terms of their predictive power and prediction accuracy.
While it is impossible to validate the predicted maps for the future land use/cover, this research
verified the two integrated models using the land-use/cover map for 2006. The validation results
show that both methods have good performance and are capable of incorporating environmental
and socioeconomic factors in LUCC prediction, while the prediction result of the MLP-MC model
has a slightly higher accuracy. The most difficult to predict is the transition between scrub/shrub
land and forest land, due to the low correlations of scrub/shrub land with input drivers and that its
change may be more dependent on climate factors.
An analysis of past, present and future LUCCs in LISW shows that the area increase of developed
land has happened and will continue, similar to the area loss of forest in LISW. Some of the forest
loss in the study area is due to residential and commercial development such as construction of
houses, other buildings, and golf courses. Forest loss at a high rate was found in regions with high
population density. Areas with fast population growth have been linked to drastic forest loss. The
changes of low-density development push the urban edge further and increase the fragmentation
of forest. Hence, the key drivers of land transitions in this study region are social-economic drivers
and proximity causes. Distance to developed area has the highest association, followed by distance
to road, NTL intensity, population density, and housing density. On the other hand, 80% of forest
lands in this area are privately owned [58]. The ownership of many forests changed in the last 20
years, and many owners may plan to sell their acreage in the next several years. The changing
ownership indicates that, without better management, loss of forest will definitely happen, and
consequently threaten air and water quality and wildlife habitat. Even if there are transitions from
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scrub/shrub and crop/grass to forest, it has slow progress. The reforestation area is quite small
compared with the deforestation area.
Due to the facts that the research area is undergoing rapid suburban development and that the input
explanatory variables lack dynamic information; the loss of forest and the increase of developed
area may be underestimated. In general, the resource management and other related governmental
agencies should prepare for the possible LUCCs in the LISW in order to mitigate the impact on
water quality and wildlife habitat. The stability of current and future forest services, like carbon
stocks and biodiversity, could also benefit from improved analysis of the trends of LUCC in this
region.
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Chapter 5 Predicting land use/cover change in Long Island Sound Watersheds
(LISW) and its effect on invasive species: A case study for glossy buckthorn
5.1 Introduction
Land use/cover change (LUCC) is a major threat to ecological systems and biological diversity.
LUCC can cause changes in the provision and values of some ecosystem services (Polasky et al.
2011). For example, carbon sequestration is one of ecosystem services that is dependent on landuse change (Schulp, Nabuurs and Verburg 2008, Hobbs et al. 2016). Carbon sequestration has a
significant impact on climate and nutrient retention regulation (Polasky et al. 2011). Padilla et al.
(2010) studied the implications of land-use change on carbon sequestration services, and found
that woodland conservation is vital to maintaining ecosystem functions that underlie carbon
sequestration. For another example, pollination service is another ecosystem service affected by
LUCC. LUCC may have direct and indirect effects on pollinator community composition and
pollination service. It may also impact wild pollinator abundance and diversity. Habitat loss
caused by LUCC may be susceptible to pollination failure (Ricketts et al. 2008, Cusser, Neff and
Jha 2016). Therefore, potential ecological consequences should be considered in land
management practices and land use decision-making processes.
On the other hand, changes in LUCC may cause fragmentation, degradation, isolation,
and even loss of habitats, which may further cause the declines of biodiversity. Sala et al. (2000)
simulated the scenarios of global biodiversity changes for the year 2100 and predicted that
among the major impact factors (e.g., climate change, nitrogen deposition, biotic exchange, and
elevated carbon dioxide concentration), land use change probably would have the largest effect
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on the changes of biodiversity of terrestrial ecosystems. Jetz, Wilcove and Dobson (2007)
projected the impact of climate and LUCC on the global diversity of birds and declared that
climate change might seriously affect biodiversity, but in the near future, LUCC in tropical
countries probably would cause greater species loss. De Chazal and Rounsevell (2009) suggested
that studying interactions and feedbacks between biodiversity and LUCC should be conducted.
As aforementioned, LUCC is a major threat to ecological systems and biological
diversity, and by far human-induced modifications are the most significant modern forces to
LUCC. Therefore, predicting future landscape change and forecasting its effect on species are
important for conserving habitat and other natural resources (Wimberly and Ohmann 2004).
Future LUCC may directly and indirectly affect the living conditions of plants and animals,
consequently causing extinction of some species while others become prosperous. Invasive
plants are examples of how LUCC may affect ecological systems. Invasive species may create
ecological damage and bring economic losses (Emerton and Howard 2008). To face the dramatic
LUCC and reduce the damage of invasive species on ecosystems, predicting their effects is
required and has received increasing interests from the academic community. Prospective
simulation may provide sustainable and efficient decision supports to land planning, ecological
sustainability, and environmental management (Hepinstall, Alberti and Marzluff 2008, MantykaPringle et al. 2015). It may also support the development of proactive strategies to overcome the
challenges caused by LUCC.
Although many aforementioned studies in literature were conducted to investigate how
species respond to LUCC, to the best of our knowledge, most of the related researches focused
on studying the effect of historical LUCC on species, and did not predict the possible effect of
future LUCC on species. To fill in this literature gap, this study explored the potential effect of
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the future LUCC on the range size of invasive species. Specifically, this research studied the
influence of future LUCC in the Long Island Sound Watersheds (LISW) on invasive species and
took one invasive plant, glossy buckthorn (Frangula alnus), as our example in this study.
To investigate the potential effect of future LUCC on glossy buckthorn, this study
predicted how land use/cover would change in the next 20 years by using a combined model of
multi-layer perceptron and Markov chains (MLP-MC), based on past LUCC trends and
functional relationships of LUCC driving forces. Then, this research simulated the future
potential range size of glossy buckthorn using a species distribution model based on the
predicted LUCC data from the MLP-MC model. This research tried to answer the following
questions: (1) How will the patterns of land use/cover in the LISW change in the next 20 years?
(2) How are the predicted changes related to the current trends? (3) How do the predicted
LUCCs influence the relative suitability for glossy buckthorn?
5.2 Materials and Methods
5.2.1 Study Area
The Long Island Sound (LIS) lies in the midst of the most densely populated region of the
United States and is among the most important estuaries in the nation. The coastal environments
of the LISW represent unique and highly productive ecosystems with a diverse array of living
resources and wildlife. The dynamics of the coastal ecosystems have been affected strongly by
changes in land use/cover. In fact, the land use/cover of this region has gone through tremendous
changes over the past four centuries. Studies have shown that the conversion and fragmentation
of forests to other land use/cover types in the past have promoted the establishment and spread of
invasive plants in a short-term in the northeastern United States (Allen et al. 2013, Vila and
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Ibáñez 2011). However, these studies focused on the effects of historical LUCC on invasive
plants, and there is no study in literature to investigate the effects of future LUCC on invasive
species in this region.
Glossy buckthorn is an invasive perennial shrub in North America. The species was first
introduced to the United States in the mid-1800s as an ornamental plant from its native range in
Europe (EDDMapS 2016) and has since spread throughout the northeastern and Midwestern U.S.
and into Canada (USDA 2016). It is one of more than 20 invasive woody plants that share many
common ecological characteristics and threaten eastern U.S. forests (Webster, Jenkins and Jose
2006). The species colonizes open habitats and forest understories due to shade tolerance
(Cunard and Lee 2009, Sanford, Harrington and Fownes 2003, Webster et al. 2006). Native plant
growth, including regeneration of economically valuable species such as white pine, has been
reduced by dense stands of glossy buckthorn (Fagan and Peart 2004, Frappier, Eckert and Lee
2004, Koning and Singleton 2013). Woody invasive plants in the northeastern U.S. are driven by
both climate and land cover (Ibáñez et al. 2009). Future LUCC may influence the potential range
of glossy buckthorn.
The study area is the part of the Long Island Sound watersheds (LISW) within New
England (Figure 5.1), which has an area of around 1500 square miles and accounts for 93% of
the whole LISW. This region was heavily forested before the 17th century, but most of the land
was cleared for farmlands during the 18th century and the early 19th century (Cronon 2011). As
farms were abandoned, much of the land has reverted to mixed hardwood forest. By now, its
surface contains more than 70% forest land. Studies showed that invasive plants tended to occur
in areas with post-agricultural reforestation (DeGasperis and Motzkin 2007, Mosher et al. 2009,
Gavier-Pizarro et al. 2010, Parker et al. 2010). Many invasive plant species in this region were
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introduced during the reforestation time (around the early twentieth century) (Foster and Aber
2004, Foster et al. 2010). Non-native species and invasive woody plants have a comparative high
richness in this region. For example, non-native species account for 30% –35% of vascular plant
species, with 3% –5% of those species being considered invasive in this region (Mehrhoff 2000,
Silander Jr, Ibáñez and Mehrhoff 2007). Recently, due to urban expansion and land use
intensification, this area is facing a second phase of deforestation, which may affect the
distribution of invasive species in this area.

Figure 5.1 Study area.
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5.2.2 Methods
The flow chart of the study is shown in the figure 5.2. The LUCC drivers were identified based
on literature review. The popular socio-economic and biophysical driving forces, such as
elevation and population, were chosen in this study based on data availability. Land use/cover
maps in 1996 and 2001 were used to analyse how land use/cover has changed in the past (during
the period of 1996-2001). The integrated MLP-MC model (the multi-layer perceptron (MLP) and
the temporal one-dimensional Markov chain model) was used to predict how land use/cover will
change in the future (the year of 2026). The future projection was based on the socio-economic
and biophysical driving forces and the change trends in the past (during the period of 19962001). The predicted LULC map (for 2026), climate data, and occurrence records of glossy
buckthorn were then inputted into a species distribution model called MaxEnt for studying the
impact of future LUCC on the spatial distribution of glossy buckthorn. MaxEnt is a technique for
modeling of geographic distributions of species with presence-only data, and it has the advantage
of achieving high predictive accuracy (Elith and Leathwick 2009, Wisz et al. 2008). The relative
suitability was calculated for glossy buckthorn with the predicted 2026 LULC map. This
research also compared the calculated future relative suitability to the actual relative suitability
under LULC map of 2006. The predicted 2006 land cover map and the observed 2006 land cover
map were compared to validate the MLP-MC model. Cross validation method was employed for
validation of the species distribution model.
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Figure 5.2 Flow chart of the study framework for LUCC and species distribution modeling.
5.2.2.1 Data

Thematically-consistent land use/cover (LULC) datasets for the years 1996, 2001, and 2006 were
created by post-classification and adjustment of the original LULC maps, which were obtained
from the Coastal Change Analysis Program (C-CAP). The adjustment was achieved by using the
National Land Cover Database (NLCD) 1992–2001 Retrofit Land Cover Change Product (Fry et
al. 2009). The datasets have a 60m × 60m pixel resolution and were reclassified into 14 classes
for LUCC modeling. The left column of table 5.1 lists the 14 classes for LUCC prediction. Based
on the reclassification results, the land use/cover data were further simplified and aggregated to
five classes for modeling the distribution of glossy buckthorn. This research choses to simplify
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and aggregate to the five classes based on the ecological characteristics of the study species. The
final simplified classes for modeling the distribution of glossy buckthorn LUCC modeling are
listed in the right column of Table 5.1.

Table 5.1. Land use/cover classes.
Classes for LUCC prediction

Classes for glossy buckthorn
distribution modeling

High Intensity Development

Developed land

Medium Intensity Development
Low Intensity Development
Urban Grasses

Crop/Grasses

Pastures & Grasses
Crop
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Scrub & Shrub

Scrub/Shrub

Deciduous Forest

Forest

Evergreen Forest
Mixed Forest
Woody Wetlands
Open Water

Other

Emergent Wetlands
Barren Land

Many important LUCC drivers were identified from the previous studies in literature (Kolb et al.
2013, Bajocco et al. 2016). For example, Newman, McLaren and Wilson (2014) investigated the
socio-economic drivers and biophysical drivers of LUCC in the Cockpit Country, Jamaica and
found that both of them are important factors, especially the biophysical drivers. This research
collected spatial data for a total of 11 explanatory variables for LUCC predicting. They include
1) biophysical drivers: elevation, slope, aspect, and soil type; 2) socio-economic drivers: per
capita income, population density, and housing density; 3) proximity causes: distances to roads,
distances to major cities, distances to water, and distances to developed land. Other drivers were
not applied for this study because of unavailability of data. For example, the soil erosion data are
not available for the selected years, so this research didn’t employ this driver. For another
example, it is difficult to transfer the qualitative policy intervention data into the quantitative
numerical data for the models. Therefore, this research didn’t apply the policy intervention driver
for the LUCC models. The majority data used in this study were derived from 2000–2002 data
layers. The aspect, elevation, and slope data were generated from U.S. Geological Survey
National Elevation Dataset (USGS NED). The soil map, population, per capita income, and
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housing data were downloaded from National Historical Geographic Information System
(NHGIS). The distances to developed land were generated from the land use/cover map of 2001.
The distances to roads were calculated in relation to primary and secondary roads, which were
supplied by US Census Bureau (TIGER products). The distances to water and distances to major
cities were created from water and city maps from USGS.
This research compiled a database of 1027 specimen and observational records for glossy
buckthorn from Long Island Sound watersheds. Specimen and field observations were obtained
from the Early Detection and Distribution Mapping System, an online repository for invasive
species data (EDDMapS 2016). Once downloaded, records were clipped to the study region in
ArcGIS 10.3.1 (ESRI, Redlands, CA). Observations without geographic coordinates were
discarded because they cannot be associated spatially with environmental data. Climate and land
use/cover data are the main factors that determine the distribution and invasive plants at regional
scales (Ficetola, Thuiller and Miaud 2007, Petitpierre et al. 2016). Therefore, this research used
both climate data and the predicted future land use/cover data for modeling the spatial
distribution of glossy buckthorn. The climate data at the 30 arc-second scale (approximately 1
km x 1 km) was obtained from the WorldClim database(Hijmans et al. 2005). As candidate
climate predictors, this research reduced nineteen candidate climate variables to four based on
correlation analysis using layerStats in the raster package (Hijmans 2015) in R 3.3.1 (Team
2016) and ecological understanding of the study species. The final climate predictors included
maximum temperature of the warmest month, minimum temperature of the coldest month, mean
annual precipitation, and precipitation seasonality. The final predictors were resampled to 60 m
resolution to match the land use/cover data.
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5.2.2.2 The MLP-MC land use/cover change model

The dynamics of future LUCC can be predicted by examining and integrating historical
landscape change, social, economic, and biophysical processes using multiple approaches, such
as agent-based models (Villamor et al. 2014), statistical models (Dubovyk et al. 2013), cellular
automata models (Walsh et al. 2006), Markov models (Guan et al. 2011), neural network models
(Shafizadeh-Moghadam et al. 2015), or combinations of these methods (Arsanjani et al. 2013).
Reviews of LUCC models have been provided by Parker et al. (2003), Verburg et al. (2004), and
Brown et al. (2012). In this study the MLP-MC model combines the multi-layer perceptron
(MLP) and the temporal one-dimensional Markov chain model to predict the LUCC. The
implementation of the MLP-MC model is available in IDRISI Selva (Eastman 2012b), which
was developed by Clark Labs at Clark University. The prediction ability of MLP_MC has been
proved in many studies (Wang et al. 2016b, Pérez-Vega, Mas and Ligmann-Zielinska 2012, Zhai
et al. 2016a). The functional relationships between land cover change and driving forces were
established by a multi-layer perceptron model (MLP), and then the Markov chain model was
used to extrapolate LUCC probabilities into the future distributions of land use/cover types based
on the established functional relationships from the MLP. The multi-layer perceptron (MLP)
model is one of the most widely used artificial neural network approaches (ANN), which have
the advantage in the context of understanding land change processes (Basse et al. 2014). It can
model non-linear complex land cover patterns due to its capability of sorting patterns and
learning by trials and errors.
Dynamic learning rate, starting at 0.01, was used for the MLP model in this study. 50% of the
dataset were used for training samples and 50% for validation. The momentum factor was set up
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equalling to 0.01. The sigmoid constant was given to 1. 10000 iterations were conducted for
training samples to obtain final accuracy rate. The training ended after reaching either an
accuracy rate, or an acceptable error, or the maximum number of iterations. The model was
considered acceptable when it reached an accuracy of above 75% (Eastman 2012c). At first, all
the parameters of the MLP are used at their normal default values in IDRISI Selva. After several
experiments for the model calibration and sensitivity analysis, this research chose the best
parameters for the model based on the experimental results.
The transition potential surface maps for each transition were created by MLP. The change
prediction was achieved by using a Markov chain model through integrating all the transition
potential surface maps with the temporal trends. The key input parameter for the Markov chain
model is the transition probability matrix, which was used to describe the probabilities associated
with various land use/cover state changes. The future land use/cover 𝐿𝑡+1 was predicted using
the transition probability matrix P and historical land use/cover𝐿𝑡 through an
equation:𝐿𝑡+1 =𝑃 × 𝐿𝑡 .
5.2.2.3 Species distribution model

Occurrence records were used in combination with climate and land use/cover data to develop a
species distribution model for simulating the spatial distribution of glossy buckthorn in LISW.
This research chose the maximum entropy modeling via the software program MaxEnt (Phillips,
Anderson and Schapire 2006) because we had presence-only observations. MaxEnt is the
preferred method for modeling with presence-only data due to its performance relative to
alternative methods (Elith and Leathwick 2009, Wisz et al. 2008, Merow, Smith and Silander
2013) and because it does not require selection of pseudo-absences (where the assumption is that
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the environments are unsuitable), but rather background points (which describes the available
landscape, but does not assume unsuitability (Merow et al. 2013)). Presence records were
aggregated to the 60 m scale to match the climatic and land use/cover predictors for model fitting
(Merow et al. 2016). The 1027 records yielded 714 observations in unique cells, once occurrence
data were aggregated to the scale of the covariate data. Linear and quadratic additive features
were considered to retain model interpretability (Merow et al. 2013) with 10-fold crossvalidation and a regularization multiplier of 1 to avoid overfitting.
5.2.2.4 Validation

This research used the 3-way cross-tabulation method to measure confidence on the MLP-MC
model and the 10-fold cross-validation method to measure confidence on the MaxEnt model. The
3-way cross tabulation method validated the MLP model via measuring the agreement among the
land use/cover map of 2001, the predicted map of 2006, and the observed map of 2006. The
comparison between land use/cover map of 2001 and the observed land use/cover map of 2006
reflects the observed change during the 2001-2006 period. The comparison between land
use/cover map of 2001 and the predicted land use/cover map of 2006 characterizes the predicted
change during the 2001-2006 period. The 3-way cross-tabulation method assessed the prediction
accuracy by measuring two agreements (the correctly predicted none-change and correctly
predicted change), and the three disagreements (change predicted as none-change, none-change
predicted as change, and predicted wrong change classes). The standard Kappa index can also
measure the agreement between two categorical maps. The higher the index indicates the better
the agreement between them.
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This research used 10-fold cross-validation for validation of the species distribution model. The
10-fold cross-validation method divided the glossy buckthorn observational data into 10 folds
randomly and ran the model ten times. In each run, 90% of the glossy buckthorn observational
data was used for model fitting and the remaining 10% used to compare with the prediction
results for validation. Across the ten replicate model runs, the averaged area under the receiver
operating characteristic curve (AUC) was used to evaluate the model performance based on
holdout observational data (“test AUC,” Phillips et al. (2006)).AUC provides a measure of the
model performance, independent of any choice of threshold. Note that receiver operating
characteristic (ROC) analysis has been used to evaluate models of species distributions in many
studies (Phillips and Dudík 2008, Elith 2000).
5.3 Results
5.3.1 Transition probability
The transition from one land class to itself or another class was modeled by the MLP model.
Totally 54 plausible transitions among 14 land cover types were modeled in this study, and were
divided into 9 sub-models (Table 5.2). From Table 5.2 it can be seen that the accuracy rates of
most models are higher than 75%, except the sub model 8, which has an accuracy rate slightly
lower than 75%. The accuracy rates above 75% are considered acceptable (Eastman 2012c). 54
transition potential maps were created and used for predicting LUCC for 2006 and 2026.
Transition potential maps indicate the transition probabilities between two classes, with a range
from 0 to 1. A larger transition probability means a higher possibility of change. The soft
prediction map, which is a continuous map that shows the vulnerability to change for a selected
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set of transitions, was generated via aggregation of all the transition maps. The values of soft
prediction were calculated using logical OR for all of the 54 transition potentials. The logic
behind this is that a pixel will be considered to be more vulnerable if it is wanted by several
transitions at the same time. For example, if a pixel has a value 𝑛 as its potential to transition to
one land cover type and a value 𝑚 to another type, then its vulnerability to change would be
equal to (𝑛 + 𝑚 − 𝑛 ∗ 𝑚). A value in the soft prediction map does not mean a transition
possibility, but rather, a degree to which the pixel has the right condition to participate change.
Figure 5.3 (a) shows an example of a transition potential map from low intensity development to
medium intensity development. The highest transition probability from low intensity
development to medium intensity development is 0.26, which occurs in the pixels near coastal
areas and along the Connecticut River. Figure 5.3 (b) illustrates the soft prediction map, in which
existing development areas, roads, and water land have the lowest transition probability. But the
pixels close to or existing development areas are more vulnerable.
Table 5.2 MLP sub-models and accuracy rates.
Sub-models

Description

Accuracy Rate

Sub-model 1

Transitions related to developed land

80.26%

Sub-model 2

Transitions related to developed land

76.30%

Sub-model 3

Transitions related to developed land

78.21%

Sub-model 4

Transitions related to forest land

76.01%

Sub-model 5

Transitions related to forest land

77.37%

Sub-model 6

Transitions related to forest land

75.11%

Sub-model 7

Transitions related to crop and grasses land

76.94%
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Sub-model 8

Transitions related to shrub land

72.56%

Sub-model 9

Transitions related to other land

75.34%

Figure 5.3. (a) The transition potential map from the “low intensity development” land use/cover
class to the “medium intensity development” land use/cover class; (b) the soft prediction map.
5.3.2 Land use/cover change prediction
This research predicted the 2026 land use/cover map to illustrate possible future changes that
may occur under the existing trends. A longer-term simulation can provide more useful
information to land planners and policy makers. So this research predicted land use/cover in
2026 instead of 2016. However, the complexity of land use/cover systems makes it difficult to
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predict long-term LUCC. In addition, the MLP model assumes a static process of LUCC;
therefore, it has limitation on revealing temporal dynamics of LUCC. This means that with the
increase of the predicted period the reliability of the simulation results will decrease. Therefore,
this research choses to predict the more reliable relative short-term future (2026) LUCC instead
of the long-term LUCC such as 2036. Figures 5.4 (a) and (b) illustrate the observed 2006 land
use/cover map and the predicted 2026 land use/cover map, respectively. From the figures it can
be seen that there is a high similarity between the projected map and the observed map. The
areas and percentages of the 14 classes are shown in Table 5.3. One can see that the LUCC in
this study area is not huge. The mean annual area changes (total change for five years divided by
5) of classes were also calculated from the observed maps and the predicted maps for the three
time periods of 1996-2001, 2001-2006, and 2006-2026, as displayed in Table 5.3. There are
variety scenarios to illustrate the possible LUCC under different conditions. For example,
Radeloff et al. (2012) used four different scenarios, a ‘‘business-as-usual’’ baseline scenario, an
afforestation scenario, a removal of certain agricultural subsidies scenario, and an increased
urban land value scenario, to predict the future land use in the conterminous United States. In
this chapter, this research used the ‘‘business-as-usual’’ baseline scenario, which means the
future change trend in this chapter is assumed with no huge difference from the recent past
change trend. And these changes are allocated based on the driving factors. The annual area
changes for each class are quite different between the two observed periods, 1996-2001 and
2001-2006. The annual area changes from 2001 to 2006 are generally higher than those from
1996 to 2001. The predicted change rates for the 14 classes were more similar to those in the
period of 2001 to 2006, except that the study cannot capture the changes of open water and
barren land in prediction. Since open water and barren land are minor classes and their changes
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are small, they will not have a significant influence on the following species distribution
modeling. Therefore, this research considered that the prediction of 2026 land use/cover is
reliable under the same driving forces and the historical change trend.
Table 5.3 shows that the major land-cover/use class in LISW is forest land, especially deciduous
forest. In general, there was an increase in all kinds of developed land, grasses, crops and
scrub/shrub, and a decrease in forest land over the two five-year periods of 1996–2001 and 20012006. Approximately 7,773 ha of forest was lost within the period 1996–2001, while almost
twice that area, 12,465 ha of forest, was lost within the period 1996–2006. At the same time, the
total area of developed land had an increase of 848 ha during 1996–2001 and its increase was
1919 ha during 2001-2006. It appears that there was an increasing trend of losing forest area and
an increasing trend of adding developed area.
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Figure 5.4 (a) The observed 2006 land use/cover map. (b) The projected 2026 land use/cover map.
Table 5.3 The areas and percentages of 14 classes for the observed 1996, 2001, 2006 maps and
the predicted 2026 map, and the mean annual area changes for the14 classes.
1996
Class
High Intensity

2001

2006

Projected 2026

Annual area change (ha)

(ha)

%

(ha)

%

(ha)

%

(ha)

%

(96 to 01)

(01 to 06)

(06 to 26)

22697

0.57

22953

0.57

24118

0.60

27385

0.69

51

233

163

308233

7.72

308426

7.72

309159

7.74

310571

7.77

39

147

71

Development
Medium
Intensity
Development
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Low Intensity

85077

2.13

85476

2.14

85497

2.14

87117

2.18

80

4

81

Urban Grasses

101476

2.54

101552

2.54

102192

2.56

103865

2.60

15

128

84

Pastures &

235680

5.90

236476

5.92

240668

6.02

256715

6.42

159

838

802

Crop

66147

1.66

66548

1.67

67274

1.68

69031

1.73

80

145

88

Scrub &

71326

1.78

76536

1.92

81241

2.03

100286

2.51

1042

941

952

1633014

40.86

1627911

40.74

1620306

40.55

1592086

39.84

-1021

-1521

-1411

533970

13.36

532341

13.32

530132

13.27

522642

13.08

-326

-442

-375

Mixed Forest

640083

16.01

639042

15.99

636392

15.92

626921

15.69

-208

-530

-474

Woody

111501

2.79

111555

2.79

111429

2.79

166132

4.16

-5

-73

-60

Open Water

11757

0.29

11748

0.29

12012

0.30

111429

2.79

11

-25

0

Emergent

167721

4.20

167694

4.20

167328

4.19

13567

0.34

-2

53

78

7610

0.19

8032

0.20

8544

0.21

8544

0.21

85

102

0

Development

Grasses

Shrub
Deciduous
Forest
Evergreen
Forest

Wetlands

Wetlands
Barren Land

5.3.3 Species distribution modeling results
The observed 2006 land use/cover map and the predicted 2026 land use/cover map were used as
inputs in our species distribution model. The MaxEnt model exhibits additivity with the
contributions of all the variables being added at each pixel. And the average percent contribution
of each predictor variable to the model (“percent contribution,” Phillips et al. (2006)) was used to
assess the importance of each variable to the model. Our species distribution model showed that
precipitation seasonality and the minimum temperature of the coldest month were the primary
drivers to the distribution of glossy buckthorn in the study region, followed by the maximum
temperature of the warmest month and land use/cover (Table 5.4). Of the land use/cover variables,
developed land (its mean relative suitability is 4.13 x 10-4) had the largest effect on relative
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suitability compared to forests (mean relative suitability 2.0 x 10-4), scrub/shrub (mean relative
suitability 2.5 x 10-4), and crop/grassland (mean relative suitability 2.6 x 10-4).
Table 5.4 Percent contributions of predictors to the species distribution model of glossy
buckthorn in Long Island Sound watersheds.
Percent
Predictor

Contribution

Precipitation Seasonality

36.7

Minimum temperature of the coldest month

30.0

Maximum temperature of the warmest month

19.5

Land Use/Cover

11.7

Mean Annual Precipitation

2.2

To calculate the effect of land use/cover changes by 2026, this research applied the thresholds to
the continuous relative suitability output. This research choses the threshold that encompassed
95% of the model training points in each model replicate, and then averaged the threshold
identified across 10 replicate model runs. The averaged 95% minimum training presence
threshold represents a compromise to characterize the species’ full potential distribution while
guarding against outlier observations (Allen and Bradley 2016, Bocsi et al. 2016). This research
calculated the range sizes of glossy buckthorn with the observed 2006 and the predicted 2026
land use/cover to estimate the effect of landscape changes on range size.
The maps of modeled relative suitability for glossy buckthorn suggest that the potential
distribution in 2026 will be slightly different from that in 2006 (Figure 5.5 and 5.6). For
example, the core area of the potential distribution of glossy buckthorn in 2026 remains to be in
110

the center of the study region; but the suitability in some small pockets of formerly moderate
suitability, such as those in the southwest portion of the study region, will increase. Nearly all
known occurrence points in our dataset fall within the areas with modeled high relative
suitability (Figure 5.5). When the two suitability maps for 2006 and 2026 were transformed into
binary data using a 95% minimum training presence threshold, the suitable area for glossy
buckthorn was found to increase by 0.18% (5,578,200 m2) by 2026 due to LUCC (Figure 5.6).

Figure 5.5. Relative suitability predictions for glossy buckthorn with the observed 2006 (a) and
the predicted 2026 (b) land use/cover maps in Long Island Sound watersheds. Black points
indicate the known occurrence locations of glossy buckthorn.
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Figure 5.6. Modeled suitability map for glossy buckthorn with the observed current (2006) land
use/cover map and the predicted future (2026) land use/cover map.
5.3.4 Validation results
Based on the 3-way cross-tabulation of the observed and the predicted land user/cover changes,
the five categories (i.e., observed non-change–predicted non-change, observed change–predicted
change, observed change–predicted non-change, observed non-change–predicted change, and
observed change–predicted change but to the wrong class) were estimated, shown in Table 5.5.
In these five categories, observed non-change–predicted non-change and observed change–
predicted change are the agreement categories between the observed and the predicted land
use/cover maps of 2006 compared to the observed 2001 map. The total agreement is the sum of
areas of the two agreed categories divided by the total area. The agreement of non-change is the
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ratio of the non-changed area that had been correctly predicted to the amount of the non-changed
area; similarly, the agreement of change is the ratio of the changed area that had been correctly
predicted to the amount of the changed area. The rest are the three disagreement categories
between them. Percentage in total area is the area of each category divided by the total research
area. From Table 5.5 it can be seen that the amount of non-predicted change area (underprediction), 18117 ha, is close to the amount of non-predicted non-change area (over-prediction),
15102 ha. The agreement of non-change is 99.62%, while the agreement of change is 33.50%;
the former is three times of the latter. In general, the overall agreement between the observed and
the predicted LUCC is 99.15% and the Kappa index is 0.986. For presence-only data, the
maximum achievable AUC is less than 1 (Wiley et al. 2003), and the random prediction has an
AUC of 0.5. After ten replicate distribution model runs, this study received an averaged AUC of
0.809 for the distribution model, with a standard deviation of 0.027.
Table 5.5. Areas and percentages of different categories of agreement/disagreement between the
observed 2006 and the predicted 2006 land use/cover maps
Observed – predicted

Area

Percentage

(ha)

in total area (%)

Non-change – non-change

3953020

98.92%

99.62%

Change – change

9436

0.24%

33.50%

Change – non-change

18117

0.45%

Non-change – change

15102

0.38%

Wrong change

617

0.02%

Total agreement

99.15%

Kappa

0.986
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5.4 Discussions
5.4.1 Land use/cover change
This study indicates that the loss of forest land and increase of developed land happened during
1996 - 2006. The loss of forest is small, as it only accounts for 0.5% of the total area; however, it
is huge when we look at the lost area, 20,238ha, in the period. Most of the lost forest was
transferred to scrub and shrub land. This transition was linked with urban growth, especially
suburbanization, because urban growth pushed the urban edge further and consequently
promoted the increase of fragmentation and forest degradation. Some studies found similar
results. For example, Brown et al. (2005) stated that there was a large increase in the area of lowdensity, exurban development during 1950 - 2000 across the conterminous United States,
especially in the eastern United States. (Jeon et al. (2014)) indicated that the New England was
facing a secondary phase of forest transition. They found that the loss of forest was driven by the
increase of residential and commercial development in suburban areas, instead of agricultural
expansion.
Our prediction shows that the decrease of forest land and increase of developed land will
continue and alter the suitability of the region for glossy buckthorn. Our simulated transition
potential maps show that high transition probability for the conversion from forest to scrub/shrub
occurs at forest edge and in areas close to roads; and the high transition probabilities from
scrub/shrub, grass, crop, and forest to developed land of varying intensities occur in areas that
are close to roads, existing urban areas, coastal areas and the Connecticut River. Our prediction
reveals that the largest annual area changes are the decrease in deciduous forest and the increase
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in scrub/shrub, implying that conversion from forest to scrub/shrub will be the dominant future
LUCC expected in the study region.
5.4.2 Model validation and uncertainty
LUCC is a complex process, which cannot be simply modeled. The overall agreement between
our prediction and the observed data is high, mainly because the prediction accuracy of nonchanged area is high and the percentage of changed area in the whole study area is small. The
prediction accuracy of non-changed area is more than three times of the prediction accuracy of
changed area. This indicates that our model has a better performance in predicting the nonchanged area. The prediction of changed area is more difficult, because it is affected by many
driver forces. At the same time, the amount of over-prediction (non-change by observation –
change by prediction) is similar to the amount of under-prediction (change by observation – nonchange by prediction), thus the predicted total changed area is close to the actual total changed
area. The validation results of our LUCC model and the species distribution model proved that
both models are reliable. However, there are limitations of the applied models in this study. For
example, the MLP model used a “black-box” process, which makes modification of the
relationships between the explanatory variables and LUCC results difficult. Although this
research conducted the model calibration and sensitivity analysis and chosea the best parameters
for the models, the uncertainties that related to model parameters and model structures still need
to be studied further.
5.4.3 Glossy buckthorn responses to landscape change
The predicted changes in relative suitability for glossy buckthorn from 2006 to 2026 are driven
by LUCC. The developed land class is the most important driver among the land use/cover
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classes in increasing the relative suitability in LISW for glossy buckthorn, which reflects the
close relationship between anthropogenic disturbance and the presence of the glossy buckthorn.
According to our prediction, the developed land class will keep increasing by 2026 as the
development pressure continues. Similarly, scrub/shrub land and crop/grass land, the secondarily
influential land use/cover classes for glossy buckthorn occurrence, will also have an increase by
2026. These classes are also related to human management of the landscape and are likely to
have higher disturbance than the forest class to the local ecosystems. These explain the projected
increase in glossy buckthorn suitability in the study area. The linkage between disturbance and
invasive plant occurrence holds for other similar species in the northeastern U.S. (Allen et al.,
2013), so the changes observed and predicted here are likely indicative of broader establishment
opportunities for invasive plants in LISW.
This study used the predicted future land use/cover data as input into a species distribution model
to simulate the future range size of glossy buckthorn in the LIWS. The MLP model is a generalpurpose model and has been used in many studies at a variety of locations and different time
ranges (Losiri et al. 2016, Ozturk 2015). The MaxEnt model was used for modeling the species
distribution because it can consistently perform well for predictions of presence-only data
(Syfert, Smith and Coomes 2013). The coupling of these two models is a general-purpose
method. The method is not location specific and can be broadly applicable for research problems
at different locations and scales (spatial and temporal). However, the prediction accuracy of the
method may depend on other factors behind this method, such as the accuracy of the input data.
5.5 Conclusions
Although many studies have been conducted to explore the effect of historical LUCC on species
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in literature, there are few studies to predict the possible effect of future LUCC on species. This
chapter combines two simulation models, a LUCC model and a species distribution model, to
study the future LUCC and its effect on the distribution of invasive plants (taking the glossy
buckthorn as an example) in LISW. LUCC modeling can only present an approximate
representation of the future land use/cover situation. The prediction is achieved by analysing the
past change trend and establishing the functional relationships between LUCC and driving
forces, which include both socioeconomic and biophysical factors. Due to the fact that the input
driving forces lack dynamic information, when this research extended the prediction into a future
date, the uncertainty of the result could increase.
Even though the LUCC prediction only presents an approximate representation of the future, it is
still an effective tool in understanding the processes of LUCC. Furthermore, the prediction can
inform land planners, policy maker, and natural resource managers of the effect of LUCC may
have on biodiversity and ecosystem function. Our prediction indicates the suitable area for glossy
buckthorn will increase 558 ha by 2026 due to LUCC, which will affect the growth of native
plants.
Future LUCC may affect ecological systems in many ways. Here this research provides one
example - its effect on the spatial distribution of one invasive plant, glossy buckthorn. Since the
study region will undergo a rapid LUCC, the resource managers and other related governmental
agencies should pay attention to its future effect on biodiversity and ecological systems, such as
the richness of invasive plants and the stability of forest services. The improvement of the
research approach and its further application to other species could help to deepen our
understanding of the future LUCC effect on the distribution of species, and help to improve the
management of ecosystems.
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Chapter 6 Summary and Conclusions
6.1 Summary
This research dissertation predicts LUCC and simulates its effect on the distribution of an invasive
species - glossy buckthorn (Frangula alnus) by using a combination of modeling methods and GIS
analyses. This study area, Long Island Sound Watersheds, is facing rapidly LUCC and has a high
density of woody invasive species. Although, the general picture of historical LUCCs and the
vulnerability of remaining natural areas in this study area have been assessed in the previous
studies (Foster 1992). The study of recent trends of LUCC in this study region, especially after
2000, is lacking, and what will happen to the landscape of this region is understudied. This research
dissertation tries to fill the gap by a relatively comprehensive analysis of driving forces of LUCC,
a recent two decades LUCC analysis of the study area, and the modeling of near future LUCC in
the study region.
Furthermore, invasive species are one of the major threats to biodiversity. Its impacts can include
direct and indirect economic costs to property, human health, and ecosystem services. Although
many aforementioned studies in the literature were conducted to investigate how species respond
to LUCC, to the best of our knowledge, most of the related research focused on studying the effect
of historical LUCC on species, and did not study the possible effect of future LUCC on species.
This project predicts future LUCC and forecasts its effect on invasive species by taking one
invasive species - glossy buckthorn as an example. Glossy buckthorn is one of more than 20
invasive woody plants that share many common ecological characteristics and colonizes open
habitats and forest understories due to its shade tolerance and its damage to the growth of native
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plants. This research may provide important insights for conserving habitat and other natural
resources and for the control of invasive species.
In addition, this dissertation also explored the feasibility of using the transiogram (a transition
probability-based spatial correlation measure for categorical data) as a class-level landscape metric
and its relationships with existing widely-used landscape metrics. It shows that the transiogram
may serve as a new, graphic landscape metric with some unique features. Landscape researchers
may gain some insight into the ability of transiograms for measuring some new aspects of
landscape patterns. Such a research also provides a prospect for using the transiogram in future
landscape ecology studies.
6.2 Limitation and Future research
This research dissertation is still preliminary with limitations, which may be improved in future
studies. First of all, the limitation of the drivers, that is, not all the driving forces that related to the
LUCC are considered and the quality of the drivers is constrained by their source. Due to the
unavailability, some potentially important qualitative variables, such as public policies, individual
behaviors, and cultural effects are not included in the study. The future LUCC study may benefit
from more data available and possible improvement of the data. Second, the analysis of the
landscape metrics and transiograms in this study has not yet linked with any specific applications
and comparisons between existing landscape metrics and transiograms may not be sufficiently
comprehensive. Hence, further study may still be needed for a comprehensive understanding of
transiograms as a new graphic landscape metric. Third, there are limitations of the applied models
in this study. This is no perfect model. For example, MLP has a “black-box” process - it defines
the relationships between drivers and LUCC through the hidden layer(s), which makes the
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integration of expert knowledge difficult. Although this research tries to conduct the model
calibration and sensitivity analysis and choose the best parameters for each model, the
uncertainties related to model parameters and model structures still exist. Even though the LUCC
prediction only presents an approximate representation of the future, it is still an effective tool in
understanding the processes of LUCC. Hence, the more effective and reliable methods for
modeling LUCC need to be studied further. Last, the combination of the LUCC model and species
distribution model can inform land planners, policy maker, and natural resource managers of the
effect of LUCC may have on biodiversity and ecosystem function. Although the intent of the
coupling of these two models is to develop a general-purpose method, which is not location
specific and can be broadly applicable for research problems at different locations and scales
(spatial and temporal). However, the capability of the combination has not been tested on other
locations and the prediction accuracy of the method in other research areas may depend on other
factors behind this method, such as the accuracy of the input data. The improvement of the research
approach and its further application to other species and other research locations is necessary and
should help to deepen our understanding of the future LUCC effect on the distribution of species
and help to improve the management of ecosystems.
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Appendix: Supplement
Supplement I: Landscape Metrics
The sixteen conventional landscape metrics represent different aspects of landscape variability.
The values of these sixteen metrics for the four study areas and five different patch types (i.e.,
classes) are displayed in Figure SI-1 and Table SI-1. From PLAND, we can find the main patch
type in these four land cover maps is forest, especially in the area A (forest accounting for 72.7%),
followed by developed land. The LPI represents the size of the largest patch as a percentage of the
total landscape. We can find that the forest land in area A has the largest LPI value, 52%, and other
LPI values are all less than 30%. Compared to other patch types, developed land has a higher value
in LPI in Areas B and C. ED is the total length of edge of one patch type divided by its total area.
In all of the four areas, the ED values of developed land, crop/grass land, and forest land are higher
than those of waterbody and wetland. This means that the patches of waterbody and wetland are
less complex in the areas. In Figure SI-1, AREA_AM and LPI show similar trends, which implies
that the patch type with the larger size of the largest patch also has the larger area-weighted mean
patch area. The weighting may cause this situation, as the larger the patch the higher the weight.
SHAPE_AM is the area-weighted mean ratio of patch perimeter to area, which is normalized
by a standard shape (square) of the same size. It reflects the geometric complexity. The patch type
of developed land obviously has the largest values than other patch types in all of the four areas.
FRAC_AM is another normalized shape index based on relationships of the log-transformed
perimeter and log-transformed area. A higher FRAC_AM value expresses a more complex edge
shape. The value of FRAC_AM of developed land is comparatively higher. The rest patch types
have similar FRAC_AM values, except that the value of the forest land of area A is slightly higher.
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CWED is the sum of the lengths of contrast-weighted edge segments divided by the total landscape
area, which is the contrast-weighted density of edge (m/ha). The trend of its figure is similar as the
ED. TECI measures the degree of contrast in the edge regardless the amount of edge, and therefore
quantifies the percentage of maximum possibility of edge contrast between a particular patch type
and the adjacent patches. From Figure SI-1, it can be seen that the TECI values for all the classes
in the four areas are larger than 50%, which means all of them have high contrast with their
neighborhoods.
CLUMPY is an adjacency index, which calculates the proportional deviation of the proportion
of like adjacencies (cells of a patch type adjacent to cells of the same type) of a specific patch type,
which is normalized from a random distribution. It ranges from -1, maximally disaggregated, to 1,
maximally clumped. All of the CLUMPY values for all the classes in the four areas are positive
and larger than 0.6, which means they are more clumped. The patch type of water land has higher
CLUMPY values, and the CLUMPY values of the four areas don’t have a huge difference. PLADJ
calculates the percentage of cell adjacencies involving the specific patch type that are like
adjacencies, which is also an adjacency index with a larger value implying a greater aggregation
level of the patch type. Similar to the CLUMPY values, the PLADJ values have no huge difference
between the four areas, and the patch types of crop/grass and wetland have comparatively lower
values. IJI measures the interspersion or intermixing of a patch type as a percentage, and a higher
IJI value means that the cells of one patch type are well interspersed, equally adjacent to other
cells. The IJI index of area B has comparatively higher values than the rest areas. Compared with
other patch types, the forest land has higher IJI values. COHESION is an area-weighted mean
perimeter-area ratio and measures the physical connectedness of a specific patch type. A higher
COHESION value means that the patch type is more clumped or aggregated and more physically
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connected in its distribution. Similar to the PLADJ metric, COHESION values are comparatively
lower for the patch types of crop/grass and wetland. And there is no difference in this metric for
the rest classes in the four areas. AI is a percentage ratio of the observed number of like adjacencies
to the maximum possible number of like adjacencies of a specific patch type. Its AI approaches
100 as a patch type is increasingly aggregated. The patch types of forest land and water land have
higher values, followed by developed land, and then wetland and crop/grass land. nLSI is the
normalized version of landscape shape index and ranges from 0 to 1. A larger value of this metric
means that the patch type has a lower level of internal edge and higher aggregation. The water land
class has the lowest nLSI values than the rest land cover classes, and the crop/grass land class has
the highest nLSI values. PD is the number of patches of a specific patch type divided by total
landscape area, that is, the number of patches on a per unit area. The patch type - crop/grass has
the highest value, followed by forest land. SPLIT equals the total landscape area squared divided
by the sum of patch area squared, summing across all patches of the corresponding patch type.
When a landscape area consists of a single patch, its SPLIT is equal to 1. SPLIT increases when a
landscape is increasingly subdivided into smaller patches. The wetland class has the largest SPLIT
values in all areas, and the SPLIT values of developed land and forest land are quite small.
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Figure SI-1. The histograms of 16 landscape metrics of the five land cover classes in the four
selected study areas. (1 – developed land, 2 – crop/grass, 3 – forest, 4 – water, and 5 - wetland)

Table SI-1. The values of 16 landscape metrics of the five land cover classes in the four selected
study areas.

A

B

C

Developed
Crop/grass
Forest
Water
Wetland
Developed
Crop/grass
Forest
Water
Wetland
Developed
Crop/grass
Forest
Water

PLAND

LPI

ED

12.92
6.04
72.72
5.86
2.12
31.86
6.90
41.24
13.77
4.09
25.45
12.87
42.17
17.20

11.11
0.64
52.07
5.27
0.21
29.26
0.53
7.59
10.62
0.60
24.72
1.06
4.13
10.05

11.99
7.47
13.87
1.27
2.19
15.68
9.23
16.06
3.98
4.29
18.64
13.07
21.34
3.45

AREA
_AM
4307.96
91.71
18780.31
2120.74
55.19
15328.47
80.35
2067.38
4683.98
109.44
13722.38
208.55
988.45
4917.92
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SHAPE
_AM
13.50
1.69
5.96
1.55
1.45
13.96
1.58
2.33
2.86
1.59
20.94
1.97
2.84
3.04

FRAC
_AM
1.29
1.08
1.19
1.05
1.06
1.28
1.07
1.10
1.12
1.07
1.32
1.09
1.12
1.13

CWED

TECI

10.75
4.62
9.49
0.92
1.17
13.06
5.90
11.19
2.80
2.47
16.46
8.28
14.95
3.10

87.99
61.10
61.33
72.53
53.29
81.58
62.72
65.70
68.89
55.91
85.20
61.93
68.00
89.90

D

A

B

C

D

Wetland
Developed
Crop/grass
Forest
Water
Wetland

1.69
21.01
20.77
45.57
5.35
6.06
CLUMPY

0.53
16.07
16.53
21.25
3.36
4.45
PLADJ

1.81
17.95
18.72
16.70
7.53
9.54
IJI

Developed
Crop/grass
Forest
Water
Wetland
Developed
Crop/grass
Forest
Water
Wetland
Developed
Crop/grass
Forest
Water
Wetland
Developed
Crop/grass
Forest
Water
Wetland

0.74
0.68
0.82
0.96
0.76
0.83
0.65
0.83
0.93
0.73
0.75
0.71
0.78
0.95
0.74
0.77
0.75
0.79
0.85
0.81

76.36
68.74
94.68
94.60
74.18
87.44
65.93
89.68
92.62
72.97
81.02
74.03
86.96
94.99
72.31
80.61
79.66
87.75
83.86
80.80

57.39
57.67
68.60
79.85
54.85
79.32
74.96
83.12
79.78
81.92
58.19
55.30
77.56
46.89
69.18
66.64
67.93
82.04
77.17
70.98

121.44
7942.86
192.08
743.07
429.89
287.48
COHESI
ON
98.72
82.58
99.58
97.01
83.23
99.52
79.50
96.01
97.85
83.79
99.51
87.53
95.85
98.77
82.92
99.27
90.20
95.32
94.29
87.76

1.54
15.88
1.95
2.35
2.58
1.49
AI

1.07
1.30
1.09
1.10
1.12
1.06
nLSI

1.00
13.76
10.16
14.16
2.89
2.52
PD

53.10
84.49
60.10
63.38
83.55
54.07
SPLIT

77.38
70.09
95.21
96.49
76.69
88.10
67.01
90.27
93.68
74.53
81.70
74.91
87.53
95.96
74.75
81.49
80.53
88.39
85.69
82.46

0.23
0.30
0.13
0.04
0.23
0.12
0.33
0.10
0.06
0.25
0.18
0.25
0.12
0.04
0.25
0.19
0.19
0.12
0.14
0.18

0.06
0.49
0.16
0.04
0.11
0.11
0.74
0.56
0.10
0.25
0.12
0.71
0.42
0.05
0.13
0.15
0.73
0.49
0.10
0.28

80.26
8061.49
3.27
359.12
38086.06
11.62
10230.36
66.54
87.96
12678.07
16.36
2127.93
137.05
67.52
27760.72
24.56
1027.42
121.04
1781.61
2351.14

Supplement II: Experimental Transiograms
The omni-directional experimental transiograms shown in Figure SII-1 to Figure SII-4 were
estimated with a lag tolerance width of 4 pixel lengths. The maximum lag is automatically set to
the diagonal length of study areas. For clarity, however, transiogram demonstration only shows
the lag range of 0 to 100 pixel lengths (pixel length is 30m).
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Figure SII-1. Omni-directional experimental auto and cross transiograms of land cover classes in
Area A. (1 – developed land, 2 – crop/grass, 3 – forest, 4 – water, and 5 - wetland)

Figure SII-2. Omni-directional experimental auto and cross transiograms of land cover classes in
Area B. (1 – developed land, 2 – crop/grass, 3 – forest, 4 – water, and 5 - wetland)
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Figure SII-3. Omni-directional experimental auto and cross transiograms of land cover classes in
Area C. (1 – developed land, 2 – crop/grass, 3 – forest, 4 – water, and 5 - wetland)

Figure SII-4. Omni-directional experimental auto and cross transiograms of land cover classes in
Area D. (1 – developed land, 2 – crop/grass, 3 – forest, 4 – water, and 5 - wetland)
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Supplement III: Exhaustive Transiograms
Due to the abundance of data, exhaustive transiograms may be estimated without using lag
tolerance width (i.e., calculating the transition probabilities at every exact lag). However, a lag
tolerance width also can be used for exhaustive transiogram estimation to smooth the transiogram
curves. The omni-directional exhaustive transiograms shown in Figure SIII-1 to Figure SIII-4 were
estimated from the exhaustive data sets of the four selected areas, with a lag tolerance width of 4
pixel lengths. The maximum lag is automatically set to the diagonal length of study areas. For
clarity, however, transiogram demonstration only shows the lag range of 0 to 100 pixel lengths
(pixel length is 30m). It can be seen that these smoothed omni-directional exhaustive transiograms
are quite similar in shape to the omni-directional experimental transiograms shown in Supplement
II.
Figure SIII-5 shows the omni-directional exhaustive transiograms estimated without using a
lag tolerance width (i.e., setting it to 1 pixel length) for study area A (those for study areas B, C
and D are omitted). It can be seen that, without using lag tolerance width, the exhaustive
transiograms are still quite stable and similar in shape to the experimental transiograms shown in
Supplement II, and they are basically the same in shape features as the exhaustive transiograms
estimated with a lag tolerance width of 4 pixel lengths except for some minor fluctuations.
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Figure SIII-1. Omni-directional exhaustive auto and cross transiograms of land cover classes in
Area A with a lag tolerance width of 4 pixel lengths. (1 – developed land, 2 – crop/grass, 3 – forest,
4 – water, and 5 - wetland)
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Figure SIII-2. Omni-directional exhaustive auto and cross transiograms of land cover classes in
Area B with a lag tolerance width of 4 pixel lengths. (1 – developed land, 2 – crop/grass, 3 – forest,
4 – water, and 5 - wetland)

Figure SIII-3. Omni-directional exhaustive auto and cross transiograms of land cover classes in
Area C with a lag tolerance width of 4 pixel lengths. (1 – developed land, 2 – crop/grass, 3 – forest,
4 – water, and 5 - wetland)
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Figure SIII-4. Omni-directional exhaustive auto and cross transiograms of land cover classes in
Area D with a lag tolerance width of 4 pixel lengths. (1 – developed land, 2 – crop/grass, 3 – forest,
4 – water, and 5 - wetland)
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Figure SIII-5. Omni-directional exhaustive auto and cross transiograms of land cover classes in
Area A, without using lag tolerance width. (1 – developed land, 2 – crop/grass, 3 – forest, 4 –
water, and 5 - wetland)
Supplement IV: Minor Class—Barren Land
Figure SIV-1 shows the omni-directional experimental transiograms and Figure SIV-2 shows
the omni-directional exhaustive transiograms of the minor class - barren land in area A and B
(different y-axis scale was applied), respectively, all estimated with a lag tolerance width of 4 pixel
lengths. Table SIV-1 provides the proportions and auto-transiogram sill values of barren land in
areas A and B. They indicate that the sill of exhaustive auto-transiogram of barren land
approximately represents the proportion of this class. However, the sill of experimental autotransiogram of barren land is smaller than the proportion of this class (Figure SIV-1). Both the
exhaustive cross-transiograms and the experimental cross-transiograms between barren land and
other classes have complex and different shapes, but it is hard to verify these interclass
relationships from the images by human eyes. There are some obvious differences in sill and peak
height between some exhaustive transiograms and their corresponding experimental transiograms
(e.g., class pairs (1, 6) and (5, 6) for area A, class pairs (5, 6) and (2, 6) for area B), which mean
that the transiograms related with the minor land cover class are sensitive to the number of data
used for estimating them and thus the transiograms with the minor class may not be reliable, due
to the insufficiency of the data of the minor class. Increasing the study area or sample density to
include more data of the minor class may reduce the discrepancies.
Hence, the minor class, barren land, was ignored in the analysis for the mentioned reasons. In
summary, the first reason is that it has a low proportion, less than 3% for all four maps. It is hard
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to see its patches in these maps to make accurate visual interpretation. The second reason is that if
the transiograms are estimated from very sparsely sampled data (i.e., experimental transiograms),
the results with a very minor class may be unreliable since the samples of the minor class are too
few. Therefore, if a research is focused on minor classes with very low proportions, the exhaustive
transiograms may be more suitable, or a higher percentage of sample data or larger study area is
necessary, assuming that the exhaustive image/map data does not contain too much noise.

Figure SIV-1. Omni-directional experimental auto and cross transiograms of barren land in Areas
A (a and b) and B (c and d), with a lag tolerance width of 4 pixel lengths. (1 – developed land, 2 –
crop/grass, 3 – forest, 4 – water, 5 – wetland, and 6 – barren land)
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Figure SIV-2. Omni-directional exhaustive auto and cross transiograms of barren land in Areas A
(a and b) and B (c and d), with a lag tolerance width of 4 pixel lengths. (1 – developed land, 2 –
crop/grass, 3 – forest, 4 – water, 5 – wetland, and 6 – barren land)
Table SIV-1. The proportions and sills of omni-directional auto-transiograms of barren land in
Areas A and B.
Barren

Proportion

Sill of

Sill of

Land

(%)

exhaustive

experimental

auto-

auto-

transiogram

transiogram

Area A

0.33

0.003

0.002

Area B

2.13

0.023

0.018
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